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ABSTRACT 
 
 

Computer Vision and Hybrid Machine Learning Algorithms 
on Glioblastoma 3D Cell Culture Multiplex Environment 

 
Banu Erdem 

 
Doctor of Philosophy in Neuroscience 

25 December 2025 
 

 

Artificial intelligence (AI) is primarily comprised of machine learning and deep 
learning computational methodologies, offering substantial promise for improving the 
therapeutic management of glioblastoma, the most prevalent and aggressive adult brain 
tumor in the central nervous system. The objective of this study was to predict the 
migration and proliferation behavior of U87 human glioblastoma cells interacting with 
I-NHA human astrocytes. These engineered cell models, embedded within specific 
hydrogels, enabled us to mimic the organisms and observe their interactions. Our 
research involved a significant amount of raw data obtained from classical software 
calculations combined with image datasets captured from three-dimensional (3D) tumor 
microenvironment studies. In vitro studies indicate that glioblastoma exhibits distinct 
cellular characteristics, including migration, invasion, and proliferation behaviors. In 
this context, this work evaluated the effectiveness of Recurrent Neural Network (RNN) 
algorithms on 300 normalized image data obtained from two technical replicates and 
calculated the corresponding parameters as AI features. Specifically, Long Short-Term 
Memory (LSTM) and Gated Recurrent Unit (GRU) models of RNN, along with their 
hybrid variants with Convolutional Neural Network (CNN), were utilized to apply 
machine learning techniques to cell culture images. Among these models, GRU 
demonstrated superior estimation performance, particularly when the data density 
decreased; the optimized GRU model achieved a maximum accuracy of 0.85. While 
transformer-based models are highly effective for processing large-scale datasets due to 
their capacity to encode long-range dependencies, RNN-based approaches were 
observed to outperform transformers in time-series analyses involving medium-sized 
cell image datasets. These findings emphasize that enhancing image data quality and 
augmenting datasets with both technical and biological replicates could enhance the 
performance of machine learning algorithms. In summary, while this investigation 
demonstrates encouraging predictive accuracy, it serves primarily as a proof of concept. 
AI-based analyses in glioblastoma research have demonstrated promising results; 
further investigation and integration of larger and more diverse data are required to 
standardize methodology and improve the interpretability and generalizability of the 
prediction results. 
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ÖZETÇE 
 

Üç Boyutlu Glioblastoma Çoklu Hücre Kültürü Ortamında 
Görüntü İşleme ve Hibrit Makine Öğrenmesi Algoritmaları 

 
Banu Erdem 

Sinirbilim Doktora Programı 
25 Aralık 2025 

 
Yapay zeka, esas olarak makine öğrenmesi ve derin öğrenme hesaplama 
yöntemlerinden oluşmakta olup, merkezi sinir sisteminde en yaygın ve yetişkinlerde en 
hızlı ilerleyen beyin tümörü olan glioblastomanın tedavi yönetimini iyileştirme 
konusunda önemli bir potansiyel sunmaktadır. Bu çalışmanın amacı, I-NHA insan 
astrositleri ile etkileşim halinde olan U87 insan glioblastoma hücrelerinin göç ve 
proliferasyon davranışlarını makine öğrenmesi yöntemleri kullanarak tahmin etmektir. 
Belirli hidrojeller içerisine gömülmüş bu mühendislik ürünü hücre modelleri, mimetik 
mikroçevrelerin oluşturulmasını ve hücreler arasındaki etkileşimlerin gözlemlenmesini 
mümkün kılmaktadır. Araştırmamız, klasik yazılım hesaplamalarından elde edilen ve üç 
boyutlu (3B) tümör mikroçevresi çalışmalarından elde edilen görüntü veri setlerini 
içeren önemli miktarda ham veriyi kapsamaktadır. In vitro araştırmalara göre, 
glioblastomalarda göç, invazyon ve proliferasyon gibi kendine özgü hücresel özellikler 
ve davranışlar gözlenmektedir. Uygulamalı fizik perspektifinden bakıldığında, bu 
çalışma hücrelerin fiziksel davranışlarını 3B çoklu platformlarda yeniden üreterek, 
yapay zeka tabanlı analizler için uygun geniş kapsamlı veri setlerinin elde edilmesini 
sağlamaktadır. Bu araştırmada, iki teknik deney tekrarından elde edilen, normalize 
edilmiş 300 görüntüden oluşan veri seti üzerinde Yinelenen Sinir Ağı (Recurrent 

Neural Network, RNN) algoritmalarının etkinliği değerlendirilmiş ve ilgili 
parametrelerin tahmini hesaplanmıştır. Özellikle RNN'in Uzun Kısa Süreli Bellek (Long 

Short-Term Memory, LSTM) ve Kapılı Tekrarlayan Birim (Gated Recurrent Unit, 
GRU) modelleri ile ara katmanlı bir mimari sunan Konvolüsyonel Sinir Ağı 
(Convolutional Neural Networks, CNN) ile oluşturulmuş hibrit varyantları kullanılarak, 
hücre kültürü görüntüleri üzerinde makine öğrenimi teknikleri uygulanarak yüksek 
doğrulukta tahminler elde edilmiştir. Bu modeller arasında GRU, özellikle veri 
yoğunluğunun azaldığı durumlarda üstün bir öngörü performansı sergilemiş olup 
optimize edilmiş GRU modeli en yüksek 0,85 doğruluk değerine ulaşmıştır. Daha uzun 
dizileri kodlayabilme yetenekleri sayesinde transformer modeli büyük veri setlerinde 
öne çıkarken, zaman serisi tabanlı orta boyutlu hücre görüntü veri setlerinde genellikle 
RNN'ler daha iyi performans göstermektedir. Çalışmamızda, görüntü verisinin 
iyileştirilmesi ve teknik ile biyolojik çoğaltmanın, makine öğrenmesi algoritmalarının 
tahmin doğruluğunu önemli ölçüde artırabileceği savunulmuştur. Sonuç olarak, bu 
çalışma umut verici öngörü doğruluğu sergilemekle birlikte, öncelikle bir kavram 
kanıtlama çalışmasıdır. Glioblastoma araştırmalarında yapay zeka odaklı analizler 
parlak sonuçlar sunmuş olup modellerin standartlaştırılması ve öngörü sonuçlarının 
yorumlanabilirliğinin ve genellenebilirliğinin artırılması için daha kapsamlı ve çeşitli 
veri setlerinin entegrasyonu ile ileri çalışmalara ihtiyaç bulunmaktadır. 
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CHAPTER 1: INTRODUCTION 
 

 

 

 

In mathematics and information technology, a system can be represented through a 

model using various methods, including mathematical equations, symbols, data, or a 

combination (Mansouri, Sivaram, Savoie, & Gani, 2025).  In a general perspective, 

considering the human brain as a biological dynamic system, a functional causal 

network in silico models can effectively illustrate. Recognizing the therapeutic 

implications of brain injuries and analyzing activation data from functional 

neuroimaging necessitates precise modeling of the connections between cognitive 

functions and network areas (Labatut, Pastor, & Ruff, 2002). From another perspective, 

Artificial Intelligence (AI) improves diagnosis, treatment planning, and outcome 

prediction, transforming brain tumor management (Abdel Razek et al., 2021).  

AI-based models can enhance tumor segmentation, grading, and molecular 

characterization of diseases (Luo, Pan, Mo, Mao, & Zou, 2023), enabling personalized 

therapy (Cè et al., 2023). The combination of machine learning with three-dimensional 

(3D) bioprinting, a technical process that utilizes layers of bio-inks to fabricate tissue-

like structures, has shown success in mimicking tumor characteristics and predicting 

therapy outcomes. This combination may lead to the incorporation of immunotherapy 

and anti-angiogenic agents as feasible treatment alternatives (Min Tang et al., 2024). 

AI-based surgical planning techniques are also beneficial in identifying the best 

resection borders while preserving the patient's quality of life.  

In adults, the most prevalent and deadly malignant brain tumor in the central nervous 

system (CNS) is glioblastoma (GB). Gliomas are among the most prevalent types of 

primary brain tumors (Wesseling & Capper, 2018). Gliomas are among the most 

common categories of principal cerebral neoplasms (UCSF, 2024). GB is a subtype of 

glioma (University of Texas). GB’s aggressiveness mainly stems from its extensive 

migration into the surrounding brain tissue, a process affected by astrocytes, the glial 

cells of the CNS with a supportive function. Worldwide, the yearly incidence is 
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approximately six cases per 100,000 people (Bray et al., 2024). The risk factors 

encompass age, familial history, and radiation exposure (Ostrom et al., 2023). The main 

clinical signs of GBs are convulsions, high intracranial pressure, and neurological and 

cognitive impairment. The most common imaging techniques used for identifying GBs 

are magnetic resonance imaging (MRI) (Shukla et al., 2017)  as well as computed 

tomography (CT) (Alnawafleh, Radzi, Alshipli, Oglat, & Alflahat, 2024); these are 

augmented by needle or stereotactic biopsies to confirm the diagnosis (Luo et al., 2023). 

GB is frequently managed with optimum safe resection, radiotherapy, and 

chemotherapy utilizing temozolomide (TMZ). On the other hand, chemoradiation 

and/or surgery may be used to treat lower-grade GBs. Numerous clinical trials are being 

conducted to assess the effectiveness of immunotherapy (Cè et al., 2023). Microscopy 

techniques are used to visualize GB cell cultures (Krieger et al., 2020) or GB patient-

derived cells (PDCs) (Y. Fan et al., 2018). Interacting GB cells exhibit behaviors such 

as migration, invasion (P. Sharma, Aaroe, Liang, & Puduvalli, 2023), and proliferation 

(H. L. Li et al., 2020). Additionally, the morphology of GB cells can vary among 

particular GB cell lines (Diao et al., 2019). 

The application of AI in spatial technologies is enhancing our understanding of the 

tumor microenvironment (TME), which is beneficial for the development of 

personalized treatments (Walsh & Quail, 2023). Together, the numerous cellular and 

acellular elements that make up the TME promote tumor growth, metastasis, invasion, 

and responsiveness to treatment (Elhanani, Ben-Uri, & Keren, 2023). In other words, 

observing the TME's cellular heterogeneity and spatial structure is becoming 

increasingly essential to elucidate the mechanisms that drive disease progression and 

treatment response. More research is required to realize AI's potential in GB 

management fully. Despite these gains, challenges persist in standardizing AI models to 

enhance generalizability and interpretability (Luo et al., 2023). The use of AI in GB 

research in 3D microenvironments has grown recently, yielding encouraging results 

despite the technology's limitations and challenges (Walsh & Quail, 2023).  

 

Time series data refers to data acquired at regular intervals across time. Time series data 

often exist in all fields, and they are accessible in finance, meteorology, signal 

processing, healthcare, and economics. Weather data, market values, and sales figures 

are some examples of time series data. Time series data analysis enables the forecasting 



 
 
 INTRODUCTION 3 
  
 

 
3 

of conditions and the prediction of future situations by utilizing patterns and values 

derived from historical data through a prediction methodology. Certain researchers 

compare LSTM with Transformer models for predicting the future tendency of data 

(Sonata & Heryadi, 2024). In our study, we captured image cell data on 3D multiplex 

cell culture TME platforms in a time-series format and predicted the future behavior of 

cells.  

 

Hybrid predictive models are widely used in engineering literature for the remaining 

usable life (RUL) of lithium-ion batteries, utilizing data decomposition, transformers, 

and DNNs to enhance accuracy in particular scenarios with limited historical data. 

Scientists utilized complete ensemble empirical mode decomposition with adaptive 

noise (CEEMDAN) to analyze sequential data and predict the performance of capacity 

regeneration components with higher accuracy. They use DNNs to determine how the 

world’s conditions evolve over time in the context of environment and engineering. The 

model operates accurately with only 25% to 30% of the data, yielding errors of 0.0208 

and 0.0337, respectively. Therefore, data decomposition, transformers, and DNN 

approaches are combined to develop a hybrid model, and scientists have obtained 

accurate results (Cai et al., 2023).  

 

Scientists have evaluated the effectiveness of transformers in comparison to other 

neural networks for processing audio data. In a pertinent study, scientists utilize ten 

distinct music genres and an initial modification to facilitate data comprehension. The 

neural network structures are examined, and the results are contrasted across various 

scenarios. The study also examines how configurations and optimization affect the 

performance of transformers (Ali, 2024). 

 

In the literature, some studies utilize transformers for data decomposition, while deep 

neural networks (DNNs) may also be combined to develop a machine learning (ML) 

model (Cai et al., 2023).  Hybrid models combine particular machine learning 

approaches, including the integration of DL methods with convolutional networks. The 

objective is to provide more accurate predictions that can be useful for clinicians, 

patients, and researchers in the context of 3D cell culture multiplex platforms. The 

following image (Figure 1.1), concerning 3D confocal microscopy images of GFP-

tagged I-NHA human brain astrocytes and RFP-tagged human brain U87 GB cells, was 
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obtained using these ECM multiplex platforms (Ismayilzada, 2024). The advantage of 

such platforms is that they enable the simultaneous capture of biological replicates 

under the same conditions, providing more input data for ML algorithms and increased 

accuracy in predictions.  

 

 

Figure 1.1: 3D confocal microscopy images of RFP-tagged human brain U87 GB cells 

and GFP-tagged I-NHA human brain astrocytes in direct co-culture configuration 

obtained with multiplex ECM 

 

In the literature, hybrid models are also used in the field of neuroscience. A hybrid DL 

transformer model for predicting epileptic seizures is a promising tool for clinicians to 

use to evaluate patients. The proposed hybrid framework for automated epilepsy 

screening utilizes EEG data to evaluate seizures, combining a feature extraction module 

with a deep transformer model to identify hidden features that enable accurate 

predictions. The framework was tested using the CHB-MIT database and achieved an 
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average sensitivity of 95.2% and a false positive rate of 0.02, indicating that the results 

are accurate enough for predictions (Maddineni, Janapati, Kosana, & Teeparthi, 2022).  

Another study in the field of neuroscience reveals a hybrid DL model for diagnosing 

obstructive sleep apnea by integrating CNN and Transformer methodologies for radar-

based detection of apnea-hypopnea events (J. W. Choi et al., 2024). 

 

Transformers are utilized for treating neurodegenerative disorders, including 

Alzheimer's disease (AD), while using 3D MRI scans (Hu, Wang, Jin, & Hou, 2023). 

Scientists have introduced a novel Vision Transformer-integrated Convolutional Neural 

Network (VECNN) that applies 3D MRI to improve diagnostic accuracy. The model 

utilized the Alzheimer's Disease Neuroimaging Initiative (ADNI) dataset, comprising 

2.248 MRI images. It could distinguish between AD and healthy controls, as well as 

moderate cognitive impairment, with an accuracy of 92.14%, precision of 86.84%, 

sensitivity of 93.27%, and specificity of 89.95%. VECNN is a promising, non-invasive, 

cost-effective, and objective diagnostic tool that could lead to earlier disease detection 

and individualized treatment for AD (Zhao et al., 2024).  

 

In the field of BT, transformers are already being used as an ML model in the following 

ways: prediction route enhancement of pharmacological combinations, predicting 

voxel-based volume calculations for dosage and radiation outcomes, classifying brain 

metastases into primary organ locations, predicting molecular expressions, categorizing 

and grading brain cancer, and segmenting brain tumors (Lan, Zou, Qin, & Zhu, 2023). 

The following figure (Figure 1.2) summarizes the utility of transformers in brain tumor 

research.  
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Figure 1.2: Usage of transformers as an ML model in BT research (Lan et al., 2023) 

 

All AI-based studies related to GB are valuable, promising, and helpful for patients and 

clinicians in facilitating their decision-making. Although AI applications range from 

disease diagnosis and severity prediction to prognosis and treatment, as well as post-

operative care, this article systematically considers AI methods in the use of 3D in vitro 

technologies (Luo et al., 2023).  

This chapter summarizes how AI is currently used to explore GB with 3D imaging 

technologies. It emphasizes the distinct advantages of this approach in modeling GB 

cell interactions, predicting therapeutic responses, and personalizing treatments. 

Although this field shows potential, it is confronted with various obstacles. These 

include the intricate nature of data integration, the limited accuracy of in vitro models in 

representing biological processes, and the necessity for more uniform 3D platforms. It is 

essential to consider these limitations to apply AI-based findings in clinical practice 

effectively. This section outlines a roadmap for future research directions that could 

transform how GB is studied and treated at the nexus of AI and 3D technologies. 



 
 
 INTRODUCTION 7 
  
 

 
7 

1.1 AI and its general concepts 

The potential of AI to analyze extensive datasets and identify patterns that exceed 

human comprehension has made it a powerful tool in neuroscience. Within the realm of 

GB, AI has shown promise in enhancing diagnostic precision, predicting patient 

outcomes, and identifying new avenues for therapeutic intervention. AI has become a 

valuable tool in biomedical research, enabling the analysis of large datasets, pattern 

identification, and outcome prediction (Al-Rahbi, Al-Mahrouqi, & Al-Saadi, 2024).  

The connection between AI and neuroscience has evolved through a significant history 

of collaboration. Recent advancements in neuroscience, along with substantial 

enhancements in computational strength over the last several decades, have led to the 

emergence of a new generation of in silico neural networks, computational models 

designed to emulate the function and structure of the human brain. These biology-

inspired architectures emulate biological neural networks by utilizing layers of 

interconnected artificial neurons that compute and transmit information through 

synaptic communication, similar to the brain.  

Contemporary AI systems exhibit capabilities that mirror the sophisticated perceptual 

and cognitive functions of biological systems, such as object recognition and decision-

making processes. Furthermore, the application of AI in neuroscience research is on the 

rise, significantly enhancing our comprehension of brain functions (Macpherson et al., 

2021).  

Some research examines brain-inspired learning representations in artificial neural 

networks, incorporating biological principles such as synaptic plasticity. This analysis 

examines the benefits and obstacles of this methodology, emphasizing prospective 

research directions in understanding the nature of intelligence while underscoring 

potential advantages and challenges in this rapidly evolving domain (Schmidgall et al., 

2024). 

Neuroscience and AI have a lengthy, interconnected history. It has been contended that 

advancements in neuroscience have been, and continue to be, pivotal in driving the 

evolution of new approaches in AI technology. Analyzing these previous claims 

uncovers a more complex narrative, in which AI scientists have been subtly inspired by 
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the brain; however, concepts predominantly originated from the latter (Gershman, 

2024). 

Human consciousness is a state of awareness generated by brain structures and 

neurotransmitter systems. The discussion on artificial consciousness continues, with 

proponents of strong AI comparing it to cognitive states. At the same time, advocates of 

weak AI argue that machines merely replicate thought without achieving genuine 

awareness. Some studies rigorously analyze neuroscience-based frameworks for 

artificial consciousness, highlighting the challenges and prospects in developing 

computers that can replicate conscious states. They also tackle ethical and philosophical 

issues (Sadegh-Zadeh & Bahrami, 2025). 

Neuromorphic computers, which replicate brain architecture and employ event-driven 

processing, are gaining attention due to the increasing power requirements in 

contemporary computing. These systems, comprising brain-inspired neural networks, 

artificial neural networks, and hybrid circuits, utilize neuromorphic sensors as input 

mechanisms. Three distinct neuromorphic computers, such as SpiNNaker, TrueNorth, 

and Loihi, alongside a dynamic vision sensor-based electronic retina, exemplify the 

potential for low-power, cost-effective, and adaptive solutions to social and scientific 

challenges in the future (Enuganti, Sen Bhattacharya, Serrano Gotarredona, & Rhodes, 

2025). 

Implementing deep networks and associated techniques in AI systems has led to 

significant transformations in mathematics, computer science, and various domains, 

including neuroscience. Researchers have demonstrated a higher level of effectiveness 

compared to earlier established methods in key domains, thanks to advancements in AI 

research, image processing, robotics, natural language processing models, and 

manufacturing, particularly in the realm of complex games. Practical applications are 

extensively utilized in areas such as computer vision and speech and text recognition, 

with significant initiatives undertaken across multiple domains (Ullman, 2019). The 

following table (Table 1.1) illustrates the primary AI algorithms, including computer 

vision algorithms commonly employed for image analysis and prediction (Badai, Bu, & 

Zhang, 2020).  
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Table 1.1: AI Applications: AI algorithms, primarily computer vision algorithms, which 

are frequently used for image analysis and prediction. 

 
Artificial Intelligence Models 

Vision Related 

Algorithms 

Computer Vision Models  

Natural Language Processing Algorithms (NLP)  

Machine Learning 

and Deep Learning 

Related Algorithms  

Reinforcement Learning Models 

Generative Models 

Graph Neural Networks 

Time Series Forecasting Models 

Anomaly Detection Models 

Multi-modal Models 

Diffusion Models 

Robotics Related 

Algorithms 

Transformers for Various Applications 

Intelligent Robots and Vehicles Applications 

 

 

This section provides a roadmap for leveraging AI to develop more effective GB 

treatments by highlighting recent advancements and identifying future challenges, with 

a focus on AI applications in 3D imaging technologies (Bai et al., 2024).  We observe 

prospective roles of AI in the management of GB, highlighting its utility in diagnosis, 

treatment formulation, prognosis assessment, and pharmaceutical development. AI 

algorithms have shown considerable potential in providing therapeutics through 

imaging analysis, radiomics, and tumor segmentation. These technologies may enable 

non-invasive molecular profiling and the early identification of GB (A. Rončević, N. 

Koruga, A. Soldo Koruga, & R. Rončević, 2025). 

 

Combining AI and 3D imaging technologies can enhance our comprehension of the GB 

TME, optimize treatment approaches, and expedite drug discovery (Issa, Stathias, 

Schürer, & Dakshanamurthy, 2021). Neuroscientists must bridge the gap between 

emerging technology and experimental research through multidisciplinary studies to 

elucidate the mechanisms underlying neurological disorders and offer new insights and 

treatments. Although advancements in AI and its applications have exceeded 

expectations, a significant divide persists between AI and human intelligence (J. Fan, 
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Fang, Wu, Guo, & Dai, 2020). Progress in 3D culture methodologies has resulted in the 

creation of more authentic tumor models, including bioprinting, which can promote the 

advancement of more effective pharmacological treatments for GB, a common and fatal 

brain cancer. We observe studies delineating essential elements for 3D bio-printed GB 

models, encompassing the examination of biomaterials and crosslinking techniques, and 

assessing their incorporation into GB-on-a-chip systems. The proposal outlines a 

Quality-by-Design framework for design and examines future prospects, including 4D 

bioprinting and machine learning methodologies, as well as existing gaps that must be 

addressed to progress further in the area (Branco, Cunha, Mendes, Sousa, & Vitorino, 

2025). 

 

AI is a broad term encompassing any computer-implemented work that requires human 

intelligence, including systems based on explicit rules and computational methods 

lacking rigidly defined rules. Two core ideas are reviewed to enhance comprehension of 

today's capabilities and potential AI applications: Machine Learning (ML) and Deep 

Learning (DL) (Parekh & Jacobs, 2019). 

 

Several studies have analyzed the application of DL in glioma segmentation using MRI 

data, emphasizing the integration of deep learning with the effectiveness of 

convolutional neural networks in tumor segmentation. They analyze clinical 

applications and the advancement of deep learning-based segmentation, focusing on 

data quality and prospective research avenues. This venture highlights the importance of 

addressing tumor heterogeneity and the judicious application of DL-driven healthcare 

technology (Ghadimi et al., 2025). Another study uses a 2D U-Net model to precisely 

separate gliomas in MRI scans, showcasing its applicability in practical neuroimaging 

contexts. The model attained an 81% Intersection over Union and a 65.5% Dice score 

(Amri, Ben Slama, Mbarki, Selmi, & Trabelsi, 2025). 

 

Some imaging techniques are used during the treatment process of GB. The Stupp 

procedure, a standard treatment for GB, aims to improve patient outcomes by evaluating 

various medications in optimal combinations. Medical gadgets augment the protocol's 

effectiveness, with tumor-treating fields demonstrating superior patient survival rates. 

Future developments encompass advanced imaging techniques, individualized 

medicines, and nanotechnology-enabled devices for targeted therapeutic delivery to 
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tumor locations. These discoveries generate optimism for GB sufferers and healthcare 

professionals (Mnich et al., 2025). Another study examines the use of the 3D-Slicer 

multimodal image fusion technique in the invasive treatment of GB, aiming to improve 

preoperative planning, mitigate surgical issues, and reduce postoperative challenges 

(Liu & Wang, 2024). 

 

Technological advancements in diagnostics, treatment, and translational research 

facilitate precision radiotherapy for glioblastoma. Biologically informed multimodal 

imaging can tackle treatment resistance, offering safety and possible advantages. Initial 

clinical trials have identified imaging biomarkers for personalized radiation therapy. 

Future prospects encompass response-adaptive radiation utilizing biomarkers and 

innovative systemic medicines, leading to enhanced glioblastoma outcomes and 

individualized patient care (Breen, Aryal, Cao, & Kim, 2024). 

 

A study on data presents a brain tumor database of 23,049 samples, each containing 

four types of MRI images. Ground truth is provided for each sample, aiding 

interpretation, and improving network training. The dataset was derived from 438 

samples extracted from the original dataset provided by the BraTS 2022 Challenge. The 

diverse image quality reflects the inequities in clinical practices between hospitals. This 

dataset is suitable for advancing automated segmentation techniques for patients with 

newly diagnosed brain tumors (Solak et al., 2025). 

 

Malignant glioma is characterized by the unrestrained proliferation of cells in the spinal 

cord and brain, leading to neurological deficits, convulsions, hormonal imbalances, and 

venous thromboembolism. Medical examinations, including MRI scans, CT scans, 

biopsies, and electroencephalograms, facilitate early detection of diseases. Deep 

learning models are optimal for disease prediction but necessitate substantial memory 

and storage capacity. A methodology based on distributed and privacy-preserving 

horizontal federated learning has been developed to address these challenges. The 

model attained the highest accuracy with five clients' architectures, achieving 99.76% 

for IID and 99.71% for non-IID distributions, respectively (P. Sharma et al., 2023). 

 

A summary of the key ideas in AI is provided in the following graph ( 

Figure 1.3). There are definitions for ML and DL, two essential terms of AI (R. Y. 
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Choi, Coyner, Kalpathy-Cramer, Chiang, & Campbell, 2020). CNN refers to 

convolutional neural networks (Nielsen, 2015), RNN (J. Wang, Zhang, Yang, Yeh, & 

Wang, 2022) for recurrent neural networks, DNN for deep neural networks (Luo et al., 

2023), showing that developing a DNN for cell counting and classification is feasible 

(Jiang et al., 2021). 

 

 

 

Figure 1.3: Brief outline of the fundamental concepts in artificial intelligence. 

Definitions arise for two fundamental terms: machine learning and deep learning. CNN 

denotes convolutional neural networks, RNN signifies recurrent neural networks, DNN 

represents deep neural networks (Luo et al., 2023) 

 

Certain works investigate the utilization of AI in GB research, highlighting the 

discovery of new biomarkers and therapeutic targets. These results indicate an 

increasing interest in AI-based approaches for biomarker and drug research in GB. The 

findings suggest encouraging preliminary outcomes; nevertheless, additional extensive 

and methodologically sound research is required to confirm practical applications and 

establish standardized protocols for enhanced reproducibility and clinical 

implementation (Conte et al., 2025). 
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1.2 Machine learning 

 

A specific category of AI, known as machine learning, enables a computer to acquire 

knowledge from existing training data, rather than relying exclusively on explicit 

programming, to predict new data. It emphasizes hypothesis generation over hypothesis 

testing (Vicini et al., 2022). A predictive model based on ML is constructed in various 

stages: determining the prediction, creating, or maintaining the pertinent datasets, 

building the model, and evaluating the forecast's effectiveness. Unsupervised and 

supervised learning are the two primary categories into which machine learning 

techniques are classified. Unsupervised learning utilizes features to identify categories, 

or natural groupings, in data without labels (Cellina et al., 2022). 

 

On the other hand, datasets with labeled data (classes) are used in supervised learning to 

train or construct models that link characteristics to categories. Artificial neural 

networks (ANN), a subset of machine learning approaches, emulate the human brain's 

neural network to process information, hence generating simplified models and forming 

separate networks based on various connection methodologies (Zhongheng Zhang, 

2016). ANN functions via numerous interconnected nodes (neurons), each embodying a 

specific output function (termed an activation function). The relation between two 

nodes signifies the weighted value of the signal traversing that link (referred to as 

weight), analogous to the ANN's memory (Agatonovic-Kustrin & Beresford, 2000). The 

excitation function, weights, and connecting method affect the network's output. In 

basic terms, the network typically serves as an approximation of a function, algorithm, 

or logical methodology (Luo et al., 2023). 

 

The following table (Table 1.2) demonstrates the most common ML algorithms based 

on three subtypes: Supervised, unsupervised, and reinforcement learning. 
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Table 1.2: Machine learning algorithms, illustration of the most prevalent algorithms 

classified into three subcategories: supervised, unsupervised, and reinforcement 

learning 

 

 

1.3 Evolution of Artificial Intelligence: from basic machine learning to neural 

networks 

 

A subset of neural network-based ML known as DL can be identified by its many 

layers, especially pertinent to images and videos. The ability to convert the provided 

data into an abstract and combined representation may be learned at each level. The 

procedure establishes where features at various levels should be placed. Image analysis 

has been substantially improved by DL, which aims to mimic neuronal function and 

interaction within a multilayer neural network. This approach, which involves training 

on extensive datasets of digital images, enhances object recognition in images beyond 

the capabilities of human cognition. Multiple variables and layers define a DNN, an 

ANN. DL encompasses the domain of machine learning that utilizes DNNs, with a 

particular focus on learning algorithms and substantial quantities of training data (Luo 

et al., 2023).  

 

DL primarily consists of Long Short-Term Memory (LSTM) networks, CNN, and 

recurrent neural networks (RNN). CNN represents the most recent advancement in 

imaging analysis technology, utilizing a specialized ANN architecture that employs 

mathematical convolution operations to transmit information across several layers, 

illustrating the interconnected neuronal patterns and states in the human visual cortex 

(Luo et al., 2023). 

 

In the field of medicine, solutions for numerous diseases have been discovered through 

the systematic gathering of data from patients and the analysis of their similarities and 

 

Supervised Learning Unsupervised Learning Reinforcement Learning (RL)

Support-Vector Machines K-means Clustering Q-Learning

Linear Regression Hierarchal Clustering SARSA

Logistic Regression Anomaly Detection Deep Q Network (DQN)

Naive Bayes Neural Networks Deep Deterministic Policy Gradient (DDPG)

Linear Discriminant Analysis Principle Component Analysis (PCA) TRPO (Trust Region Policy Opt.)

Decision Trees Independent Component Analysis PPO (Proximal Policy Opt.)

K-nearest Neighbor Algorithm Apriori Algorithm Genetic Algorithm RL

Neural Networks (Multilayer Perceptron)

Machine Learning Algorithms
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variations. Given the significant increase in data volume and the variety of application 

domains, we have reached a stage where automating the transition from data to 

knowledge is essential (Alpaydin, 2021). The large datasets generated from the 3D GB 

models were analyzed using supervised and unsupervised machine learning algorithms 

(Luo et al., 2023).  

1.3.1 Unsupervised learning 

Unsupervised learning (UL) approaches rely solely on the intrinsic structure of 

unlabeled data, exhibiting self-organization to uncover hidden patterns within the data 

(Jung, 2022). In this category of machine learning, the ML model is supplied with a 

basic dataset and instructed to extract insights from it (Müller & Guido, 2016). They are 

employed in tasks such as algorithms that involve clustering, which aims to partition 

information into groups based on specific feature attributes, and association rules 

focused on uncovering connections between data points (Cè et al., 2023). 

 

UL methods, including clustering algorithms and principal component analysis (PCA), 

were utilized to investigate concealed patterns in tumor cell dynamics and their 

interactions with the (Akbari et al., 2021). 

 

1.3.2 Supervised learning 

The core process of ML that requires human supervision for training is called 

supervised learning (SL). These algorithms are appropriate for general categorization 

tasks because they mimic the human cognitive mechanism of learning by 

exemplification (Shalev-Shwartz & Ben-David, 2014). Experts in software development 

must annotate input data points with appropriate label values in a training dataset 

consisting of input-output pairs (Sidey-Gibbons & Sidey-Gibbons, 2019). By simulating 

human annotators who gain knowledge via experience, the program maps potential 

links among data to test theoretical hypotheses (Cè et al., 2023). Random forests, 

support vector machines (SVMs), and DL models exemplify SL methodologies (Müller 

& Guido, 2016). These algorithms predict treatment responses, ascertain biomarkers, 

and classify cell types within the TME. 
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Support vector machines (SVMs) can be used to predict time series. Scientists 

frequently employ time series prediction methods in fields such as weather prediction, 

load prediction on an electric grid, and reliability prediction. These applications often 

involve complex and intricate foundational system models. Conventional linear 

estimating techniques could be inadequate, requiring sophisticated algorithms. Some 

researchers examine the application of SVMs, emphasizing their efficacy in forecasting 

under conditions of nonlinearity and non-stationarity in system dynamics. In specific 

situations, SVMs may be more accurate than other non-linear methods, including neural 

networks (Sapankevych & Sankar, 2009).   

 

1.3.3 Semi-supervised learning 

Between unsupervised and supervised learning, semi-supervised learning (SSL) is an 

ML paradigm that primarily utilizes unlabeled data, along with a limited quantity of 

labeled data (Cè et al., 2023). SSL denotes a subset of supervised learning tasks and 

techniques that utilize unlabeled data for training, typically involving a small amount of 

labeled data in conjunction with a large volume of unlabeled data. SSL occupies a 

position between UL, which operates without any labeled training data, and SL, which 

relies entirely on labeled training data. A significant number of machine learning 

experts have discovered that using unlabeled data alongside a limited set of labeled data 

can lead to substantial enhancements in learning accuracy (Learning, 2006).   

1.3.4 Self-supervised learning  

Self-supervised learning refers to an approach in machine learning where the 

fundamental principle is the autonomous generation of a supervisory signal to address a 

specific problem. Self-supervised learning resembles unsupervised learning due to the 

absence of labels; nonetheless, it addresses challenges often associated with supervised 

learning. This type of ML addresses the problem of limited data availability by utilizing 

the enormous amount of accessible but unlabeled data to train accurate classifiers, due 

to the challenges of maintaining comprehensive control of all data in a large-scale 

venture. Occasionally, specific neural networks, such as autoencoders, are defined as 

self-supervised learning mechanisms (Cè et al., 2023). 
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1.4 Preprocessing and data normalization 

 

In numerous contemporary applications, such as bioinformatics and computer vision, 

samples exhibit various feature representations derived from diverse data sources 

(Gönen & Margolin, 2014). Before conducting AI analysis, the datasets obtained from 

the 3D models underwent preprocessing. The imaging and molecular data underwent a 

thorough cleaning, normalization, and annotation process to ensure high quality and 

consistency across various experiments (Way et al., 2017). The concept of data 

augmentation involves techniques for creating iterative optimization or sampling 

algorithms by integrating unseen data or latent variables (Dulam, Gade, & Gosukonda, 

2023). Enhancing model performance through data augmentation enables the expansion 

of limited datasets, thereby leveraging the potential of big data (Shorten & 

Khoshgoftaar, 2019). Methods for data augmentation were employed to increase the 

size of the datasets used to train AI models (Van Dyk & Meng, 2001).  

 

1.5 Features 

 

ML generally assesses qualitative characteristics, such as variations in signal intensity, 

which are measurable and quantifiable. Visual qualities or metrics that can be readily 

computed or quantified by a computer, in contrast to subjective reference standards. A 

comparison is typically made between features automatically extracted via deep 

learning techniques and features manually generated by an expert (Müller & Guido, 

2016). First-level features include attributes easily deduced from a qualitative 

standpoint, such as shape, volume, and intensity signal measurements. On the contrary, 

second-order traits may seem clinically uninformative to the interpreter because they are 

either automatically extracted by DL networks or are created from the combination of 

first-level data. Therefore, in the radiomic workflow, choosing robust and reproducible 

features is essential (Sansone et al., 2023). An ML paradigm known as self-supervised 

learning involves the basic concept of autonomously generating a supervisory signal to 

address a specific issue. Self-supervised learning closely resembles UL due to the 

absence of labels; nonetheless, it seeks to address challenges often associated with 

supervised learning. Due to the inability to ensure sufficient oversight for all data 

required by a major project, this ML tackles the issue of limited data availability by 
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utilizing the enormous quantity of readily available yet unannotated data for training 

accurate classifiers. Certain neural networks, including autoencoders, are occasionally 

characterized as self-supervised learning systems (Cè et al., 2023). 

 

1.6 AI-based predictions and simulations 

 

AI models were trained to predict drug efficacy, tumor progression, and immune 

responses within the 3D models. The models were validated using a subset of 

experimental data to ensure the projections aligned with biological outcomes. In 

addition, AI-based simulations were conducted to model potential therapeutic strategies, 

specifically combination therapies targeting multiple GB TME components (Wu et al., 

2022). 

 

1.7 Validation and model refinement 

 

The verification of the algorithms and software is established through the iterative 

metamorphic testing methodology, targeting the non-testable attributes intrinsic to these 

systems. A methodical machine learning methodology is introduced to create test 

oracles, to guarantee sufficient test coverage criteria (Ding, Hu, & Gudivada, 2021). 

 

1.7.1 Verification of AI predictions in GB cultures 

The accuracy of the AI-generated predictions should be confirmed by comparing them 

to the experimental outcomes obtained from the biomimetic 3D models. The analysis 

compared anticipated drug reactions, cell proliferation rates, and invasion patterns with 

real-world observations from treated GB cultures (Luo et al., 2023). In AI-related 

studies, multiple experimental replicates are employed to guarantee the robustness and 

reproducibility of AI predictions. The efficacy of the machine learning algorithm is 

assessed using a stratified N-fold cross-validation technique in conjunction with a 

confusion matrix (Ding et al., 2021). 
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1.7.2 Validation in living organisms 

When possible, the accuracy of AI models based on 3D cultures was further confirmed 

by conducting experiments on animal models of GB. This step was crucial in ensuring 

that the AI-based insights could be applied to biological systems beyond in vitro 

models. The enhanced and preprocessed data are subsequently fed into machine 

learning models to optimize the model parameters, to minimize the cost function. 

Simultaneously, implicit data characteristics will be extracted using statistical 

techniques. The machine learning models are validated during the training process to 

reduce overfitting. In this case, the trained artificial neural network model excels on the 

training dataset but does not generalize effectively to novel examples (Zhu et al., 2022). 

 

1.7.3 Model refinement 

Model refinement is a crucial process in machine learning, focusing on enhancing the 

performance and generalization of predictive models. After analyzing the validation 

outcomes, adjustments were made to the AI algorithms to enhance their accuracy. The 

process included training models with larger datasets, integrating new experimental 

data, and fine-tuning model parameters. Hyperparameter optimization methods are 

crucial for refining models. Hyperparameters, including learning rates and 

regularization abilities, influence model performance. Techniques such as random 

search, grid search, evolutionary algorithms, and Bayesian optimization efficiently 

explore the hyperparameter space to identify optimal configurations. By utilizing 

regularization and hyperparameter optimization, machine learning practitioners can 

refine models, strike a balance between complexity and generalization, and ultimately 

enhance prediction accuracy (Krishnan, Kodamana, & Bhattoo, 2024). 

 

1.8 Analysis of data using statistical methods 

 

Besides ML methods, datasets can be used in data analyses conducted using appropriate 

statistical methods, including significance testing such as t-tests and ANOVA, as well 

as the Kruskal-Wallis test, to evaluate the results. It is possible to integrate RNA 

sequencing data and MRI images and conduct both ML and statistical methods on the 

datasets (Fathi Kazerooni et al., 2025). Calculations can be performed to assess the 
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reliability of AI-based predictions and experimental findings using confidence intervals 

and p-values (Min Tang et al., 2024). 

 

1.9 Voxel-based volume calculations of 3D brain images  

 

In the literature, various techniques for calculating brain volume are observed. 

Advanced MR neuroimaging, especially Diffusion Tensor Imaging (DTI), is essential 

for the diagnosis and comprehension of central nervous system (CNS) disorders. 

Diffusion Tensor Imaging (DTI), a specialized type of Diffusion-Weighted Imaging 

(DWI), measures water diffusion in tissues and is particularly useful for assessing 

traumatic brain injury, whereas DWI serves as the benchmark for identifying acute 

strokes. DTI offers improved data by measuring the anisotropic diffusion of water along 

axons.  Data from DTI is gathered in 3D voxels, where diffusion values constitute a 

tensor, facilitating the investigation of water diffusion across several directions. This 

technique evaluates white matter microstructure, axonal integrity, and tract orientation. 

Essential measurements in DTI encompass fractional anisotropy (FA), mean diffusivity, 

radial diffusivity, and axial diffusivity. FA is notably responsive to microstructural 

alterations and can be assessed using diverse methodologies, including regions of 

interest, whole-brain voxel-based analysis, or tract-based statistics. These measurements 

enable doctors to detect anomalies that traditional imaging would otherwise overlook, 

underscoring the significance of DTI as a vital non-invasive tool in clinical practice and 

research (Ranzenberger, Das, & Snyder, 2025). 

 

A separate investigation assesses brain volume utilizing the atlas-based approach and a 

low-strength static magnetic field of 0.4 tesla. An understanding of the repeatability of 

measured data is crucial for both atlas-based and voxel-based morphometry (VBM) 

techniques in magnetic resonance (MR) brain volumetry. Nonetheless, numerous recent 

investigations examining the repeatability of brain volume measurements have utilized 

static magnetic fields ranging from 1 to 4 tesla, and no research has employed a low-

strength static magnetic field (Goto et al., 2016). 

 

Another study reveals that a Brain structural analysis in individuals with post-traumatic 

anosmia (PTA) utilizes voxel-based morphometry (VBM) and surface-based 
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morphometry (SBM) to evaluate gray matter (GM) characteristics. This investigation 

examines neuroanatomical measurements of gray matter and their functional correlates 

in patients with post-traumatic amnesia, elucidating the structural alterations associated 

with this condition (Rezaeyan, Asadi, Kamrava, & Zare-Sadeghi, 2023). 

 

Voxel-based methods are present in silico research. High-resolution iterative 3D 

positron emission tomography (PET) image reconstruction necessitates efficient 

forward-backward projectors to reduce calculation time. These projectors are 

characterized by a system response matrix (SRM) that includes billions of elements, 

delineating voxel contributions to lines-of-response (LORs). The efficacy of algorithms 

such as maximum-likelihood expectation-maximization (MLEM) is impeded by high 

memory demand and floating-point calculations. The application of symmetries in the 

SRM facilitates substantial compression, as evidenced by the PET REconstruction 

Software Toolkit (PRESTO), achieving compression factors above 300 through discrete 

polar symmetries. Nonetheless, previous implementations encountered inefficiencies 

attributable to suboptimal memory access patterns. This investigation introduces a 

symmetry-based assessment to restructure image data and LOR projection data for 

enhanced vectorization, in conjunction with simultaneous multi-threading (SMT), to 

achieve speed improvements exceeding 11 times without SMT and beyond 100 times 

with SMT, all while preserving numerical precision (Scheins, Vahedipour, Pietrzyk, & 

Shah, 2015).  

 

A separate study reveals findings by examining the intra- and inter-scanner variability 

of an MRI-based volumetric technique utilizing SPM5 algorithms. Imaging of a healthy 

volunteer was performed using six distinct MRI scanners to ascertain the coefficients of 

variation (CV) for multiple brain areas. Intra-scanner CVs ranged from 0.50% to 4.4%, 

with a median of 0.89%, but inter-scanner CVs varied from 0.66% to 14.7%, with a 

median of 4.74%. The aggregated variability was marginally elevated (0.87-15.1%, 

median 4.80%). Substantial volume change thresholds were identified as 1.4% for the 

identical scanner and 10.5% for disparate scanners. These findings are advantageous for 

volumetric analyses in neurological disorders and for tracking atrophy patterns or 

therapy outcomes (Huppertz, Kröll-Seger, Klöppel, Ganz, & Kassubek, 2010). 
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Mimicking the GB TME in 3D hydrogels and calculating the volume using specific and 

significant algorithms from 3D images would be valuable for understanding the 

proliferation and migration behavior of GB cells in the context of this thesis. 

 

1.10 Temozolomide as a drug in GB  

 

Pharmaceutical development is a tedious and progressively expensive endeavor with a 

seemingly negligible success rate. Identifying the suitable target and developing an 

effective treatment candidate are deemed the most critical tasks to increase the 

probability of success in any drug development endeavor. The proliferation of 

comprehensive genomics datasets and sophisticated AI algorithms is swiftly advancing 

towards addressing these challenges. The integration of AI and genomics expedites 

critical elements of the initial stages of drug research (Feizi & Gutierrez, 2022). 

 

TMZ is the primary treatment for glioblastoma patients; however, due to widespread 

resistance, there is an urgent necessity to produce anticancer medicines for TMZ-

resistant GB (Kim et al., 2019). TMZ applications may exist in diverse scenarios, 

including recurrent GB, GB in geriatric patients, and various glioma classifications such 

as low- and high-grade gliomas. Recent data demonstrate that TMZ improves survival 

in older GB patients and those with anaplastic gliomas, exhibiting efficacy with reduced 

toxicity compared to radiation in high-risk, low-grade gliomas, and yielding results 

comparable to those of platinum-based chemotherapy in juvenile high-grade gliomas. 

The successful application transcends glioblastoma, indicating the necessity for 

discovering biomarkers related to TMZ susceptibility and the development of 

adjunctive medications to enhance treatment outcomes (Chua, Nafziger, & Leung, 

2019). Mimicking the TMZ response in the concept of this thesis on 3D multiplex 

platforms and observing their results via software calculations, predicting cell behaviors 

via ML algorithms would be significant and valuable for GB research.  
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1.11 Ethical considerations related to guidelines 

 

Some studies in the literature integrate 3D technologies and AI to create a robust 

platform for studying the GB TME. It presents a fresh perspective on comprehending 

tumor biology and enhancing therapeutic interventions. 

 

AI possesses the capacity to transform healthcare by enhancing diagnostic precision and 

customizing treatment strategies. Nonetheless, its swift and predominantly unregulated 

incorporation into medicine raises ethical dilemmas regarding data integrity, patient 

safety, and effective governance. Transparency is a significant issue, though, as the 

proprietary nature of numerous large-language models inhibits patients and healthcare 

providers from comprehending the rationale behind AI-generated results, which may 

undermine trust. Synthetic datasets produced by AI, while beneficial for enhancing 

research in data-deficient fields, complicate issues related to data ownership, patient 

consent, and scientific validity. Moreover, the capacity of generative AI to optimize 

administrative functions poses a risk of depersonalizing care, increasing the separation 

between clinicians and patients. Considering these factors, generative AI applications 

necessitate regulatory and critical examination (Serrano et al., 2024). Fundamental 

initial measures encompass establishing rigorous standards for data protection and 

transparency, implementing oversight mechanisms such as institutional review boards 

to regulate data utilization, and formulating interdisciplinary guidelines involving 

developers, doctors, and ethicists. By addressing these issues, we can more effectively 

integrate the deployment of generative AI with the fundamental principles of 

humanistic healthcare, thereby safeguarding patient safety, autonomy, and trust while 

leveraging AI's accelerative capabilities (Hasan, Fury, Woo, Kunze, & Ramkumar, 

2024). 

 

According to scientists, adherence to ethical guidelines is considered crucial when 

utilizing AI for analyzing patient-derived biomimetic 3D models (Hofmann, Cohen-

Harazi, Maizels, & Koman, 2022). Over the years, the patient data in developing GB 

models underwent anonymization, and informed consent was acquired for all primary 

cell lines. AI was utilized for predictive modeling, adhering to ethical standards 

regarding data privacy and algorithmic transparency. 
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1.12  Cell culture in 3D microenvironment and disease models 

 

Cell culture has emerged as a crucial tool for elucidating the fundamental biophysical 

and biomolecular principles underlying cellular assembly into tissues and organs, their 

functional dynamics, and the disruptions of these functions in pathological conditions. 

Cell culture is extensively utilized in medical studies, tissue engineering, regeneration 

medicine, and industrial applications. Despite the predominance of flat, two-

dimensional (2D) cell culture, current investigations have evolved into employing 3D 

structures and more realistic biochemical and biomechanical microenvironments (Duval 

et al., 2017).  

 

The concept of TME was first introduced in 1979, as researchers have examined how 

distinctive cells within a tumor interact with one another (Lord, Penney, Sutherland, & 

Cooper, 1979). Considering GB has a heterogeneous structure, the TME consists not 

only of tumor cells but also of other cell types, including immune cells, fibroblasts, 

endothelial cells, and cancer stem cells (CSC) (Gurusamy, Alsayari, Rajasingh, & 

Rajasingh, 2018). These cells boost tumor growth and spread by interacting with tumor 

cells and releasing signaling molecules and extracellular matrix (ECM) components. 

Multiplex profiling assays facilitate the evaluation of cellular behavior in 3D cell 

culture microenvironments, and they are essential for obtaining novel data in 

fundamental, translational, and pharmacological research, while enabling the collection 

of a large amount of data at once on multiplex platforms (Burgstaller, Oehrle, Koch, 

Lindner, & Eickelberg, 2013).  

 

The following figure (Figure 1.4) illustrates photomasks that enable data capture on 

multiplex platforms at the micro level (Gurkan et al., 2013). (a) In this example, the 

tissue structure consists of four distinct types of building blocks, each characterized by 

distinctive cellular and ECM compositions represented by various color codes. (b) The 

creation of 3D multilayer tissue prototypes through a layer-by-layer photomasking and 

alignment technique, utilizing multiple photomasks and various hydrogel solutions that 

are photo-crosslinked to produce digitally sculpted hydrogels (e.g., incorporating 

diverse cell types, ECM components, and diffusible factors). The straightforward mask 

alignment and digital sculpting apparatus consists of: (i) a top cover slip for the 

fabrication compartment, (ii) a thickness control spacer, (iii) a treated glass cover slip 
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for immobilizing the sculpted elements, (iv) a fabrication chamber, (v) alignment pins, 

(vi) a predesigned photomask, and (vii) a mask holder that aligns within the fabrication 

chamber. Light is transmitted through the aperture of the mask holder. (c-f) Alignment 

and digital sculpting of individual parts are accomplished using a photomask, which 

features digitally defined, designed apertures that facilitate the photo-crosslinking of 

tissue prototypes incrementally. This document demonstrates the fabrication of cubic 

digitally molded blocks. Radial circular (g) and concentric circular (h) elements can be 

molded to replicate the cross-section of embedded vasculature within a tissue construct, 

where a yellow hydrogel encases the three types of elements, microfabricated as 

concentric circles. (i) The digital sculpting method can also be employed to create 

intricate structures, such as microscale typescripts. 

 

 

Figure 1.4: Digitally defined spatially heterogeneous microfabrication and tissue 

manipulation levels (Gurkan et al., 2013) 



 
 
 INTRODUCTION 26 
  
 

 
26 

 

Gliomas present significant therapeutic challenges due to their complex 

microenvironments and genetic heterogeneity. The approaches for innovative 

methodologies that integrate multi-algorithm ML with 3D bioprinting to improve the 

assessment of glioma treatment response exist in current literature. The bio-printed 

glioma tissues mimic the molecular characteristics and treatment responses of actual 

tumors. The GlioML workflow, which utilized an ensemble model and nine algorithms, 

performed more accurately and effectively than single models in several in vitro 

systems. This approach expanded the range of treatment assessments to include anti-

angiogenesis and T cell therapies. The research examined the immunosuppressive and 

angiogenic tumor microenvironments, identifying potential medications for gliomas and 

suggesting an improved strategy for treating gliomas, as well as potentially other 

malignancies (Min Tang et al., 2024). 

 

1.13 Organoids, tumoroids, and spheroids 

AI systems integrated with organoids have substantial potential for enhancing our 

understanding of organogenesis and disease progression, thereby laying the foundation 

for clinical implementation. AI-integrated organoid systems expedite the swift 

evaluation of building methodologies, facilitate economical extraction of multiscale 

picture attributes, and assist in the efficient analysis of multi-omics datasets. 

Collectively, these features improve the accuracy of preclinical assessments and expand 

the applicability of organoids in disease modeling, drug development, and personalized 

medicine. The following  (Figure 1.5) summarizes the utility and application areas of 

the AI-enabled organoids (Bai et al., 2024). 
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Figure 1.5: Utility and application areas of AI-enabled organoids (Bai et al., 2024) 

 

Organoids have enormous potential for biomedical research, regenerative medicine, and 

simulating human development and illness. Organoids are 3D cultures made from cells. 

Organoids have the potential to represent human development and disease since they 

can be produced from both human stem cells and patient-derived induced pluripotent 

stem cells. They may also be used in future organ replacement procedures and drug 

testing. Here, we provide an overview of this rapidly developing topic and discuss how 

organoid technology may be utilized in future biomedical studies (Lancaster & 

Knoblich, 2014). 

 

Multicellular tumor spheroids and tumoroids function as superior in vitro models that 

precisely reflect the attributes of the TME. Biomimetic components that replicate the 

ECM form scaffolds, providing structural support for 3D culture systems, hence 

promoting the formation of spheroids and tumoroids (C. R. Yang et al., 2022). 

 

1.14 ECM elements 

 

Various elements of the organic ECM can function as substrates in 3D culturing. 

Natural supports encompass matrigel, hydrogels, rigid substrates, and many synthetic 
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techniques for 3D matrices, including lyophilization, stereolithography, electrospinning,  

and microfluidics, each with unique benefits and drawbacks (Habanjar, Diab-Assaf, 

Caldefie-Chezet, & Delort, 2021). 

 

The morphology of GB cells in 3D ECM may vary depending on the cell type. This 

distinction was examined in a biomimetic 3D collagen micro-chamber model over a 

period of three days. Various GB cell types demonstrated unique characteristics: LN229 

cells exhibited triangular or diamond shapes, SNB19 cells were elongated, and U251 

cells presented irregular shapes with elongated extensions, some of which encroached 

beyond the micro-chambers by Day 3. Observations were corroborated by high-

magnification images and dynamic movies depicting cell morphology and movement 

(Diao et al., 2019). These behaviors, as demonstrated in cell morphology, are illustrated 

in the following figure (Figure 1.6).   

 

 

Figure 1.6: Evolution of cell shape of GB Cells in in Vitro ECM (Diao et al., 2019) 
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1.15  2D vs 3D cell culture 

 

The traditional 2D in vitro cell proliferation method (on a flat substrate) has been 

employed in cancer research for an extended period. Nonetheless, this approach cannot 

be entirely transposed into clinical studies to accurately reflect physiological conditions. 

This culture fails to replicate the authentic TME owing to insufficient cellular 

communication and interaction (Habanjar et al., 2021). To address these limitations, 3D 

culture systems are being increasingly developed in research and have become essential 

for tumor research, tissue engineering, and fundamental biological studies. 3D culture 

has attracted considerable interest in biomedicine due to its ability to emulate tissue 

architecture and functions. The 3D matrix offers a dynamic structure in which its 

elements are deposited, destroyed, or altered to define functions and serve as a substrate 

for cell attachment, facilitating processes such as adhesion, proliferation, 

communication, and apoptosis. 

 

In 3D environments, cells reorganize microspheres to form aggregates, highlighting the 

advantages of microspheres in such settings and enabling cells to adapt the environment 

to suit their needs (Clara-Trujillo et al., 2019). The following table (Table 1.3) presents 

a comparative overview of 2D and 3D in vitro cell culture techniques in cancer 

research, highlighting key biological and functional discrepancies between the two 

systems. 

 

Table 1.3: The main distinctions between 2D and 3D in vitro cell culture techniques 

(Louit, Galbraith, & Berthod, 2023) 

 

 

Traditional 2D technologies are inadequate for accurately mimicking real tissue and 

representing disease pathophysiology. Conversely, 3D cell culture models provide a 

novel approach for researchers by creating tissue-like 3D environments that enhance 

cellular performance and survivability (Keles et al., 2025). 

3D 2D

Resemblance to levels of gene and protein expression in vivo Activation of apoptosis

Improved maintenance and differentiation of cells Hypersensitivity to drugs

Precise reaction to two-dimensional mechanical stimuli Homogeneous distribution of the culture media

Different combinations of cell types Excessive growth

Maintained its natural form

Distinctions between 3D and 2D 
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1.16 Cell interactions and behaviors 

 

Cells are three-dimensionally encased by the ECM within intricate in vivo 

microenvironments, engaging with both the ECM and adjacent cells. Therefore, 

replicating the ECM environment is crucial for efficient cell culture models. A variety 

of natural and synthetic hydrogels have been utilized to mimic ECM settings, 

considering their physical, chemical, and biological properties, such as 

biocompatibility, biodegradability, and biochemical functional groups. Due to these 

characteristics, hydrogels have been integrated with micro technologies and utilized in 

organ-on-a-chip applications to more precisely emulate the in vivo microenvironment 

(S. H. Lee, Shim, Kim, & Sung, 2017). Assessing the migratory and invasive potential 

of tumor and stromal cells is crucial for advancing cancer diagnosis, prognosis, 

medication development, and treatment. In vitro migration and invasion assays 

encompass a diverse range of methodologies for studying cell migration and invasion, 

providing a concise overview of recognized assays, along with their benefits, 

drawbacks, and a visual representation of their underlying concepts. It advocates 

adopting exclusion zone tests in conventional applications involving adherent cells, 

emphasizing its advantages, including straightforward setup and simplicity of analysis. 

Furthermore, it examines advanced 3D migration and invasion models that accurately 

replicate in vivo settings, potentially uncovering novel pathways underlying the 

dissemination of cancer cells. The subsequent figure (Figure 1.7) depicts the 

predominant in vitro migration assay models that facilitate the methodical examination 

of cell motility under regulated conditions (Kramer et al., 2013). These models 

encompass the Boyden chamber (Transwell) assay, a widely used method for measuring 

directed cell migration through a porous membrane, and the wound healing assay, 

which evaluates collective migration in a 2D setting.  Other techniques, such as the cell 

exclusion zone assay and the fence (or ring) assay, create spatial limits that facilitate the 

study of cell movement. The microcarrier bead assay and the spheroid migration assay 

are two specialized methods that allow cells to move away from 3D structures. 

Capillary-based techniques, such as the capillary chamber migration assay, horizontal 

capillary assay, and capillary tube migration assay, provide accurate 

microenvironmental regulation. Conversely, the leukocyte migration agarose assay is 

especially effective for examining immune cell motility in semi-solid matrices.  
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Figure 1.7: Commonly used In Vitro migration  assays (Kramer et al., 2013) 

 

On the other hand, the following figure (Figure 1.8) shows the commonly used in vitro 

invasion experimental models, which are listed as follows (Kramer et al., 2013). 

 

 

Figure 1.8: Commonly used In Vitro invasion assays (Kramer et al., 2013) 
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The following table (Table 1.4) combines the results of in vitro experimental studies for 

both migration and invasion assays.  

 

Table 1.4: Commonly used migration and invasion assays In Vitro 

 

 

1.17 Disease models 

 

Enhancing cancer therapy requires the use of biomimetic 3D in vitro studies, such as 

tumoroids and spheroids (Seyfoori, Liu, Caruncho, Walter, & Akbari, 2025). The TME 

dictates disease advancement and affects treatment efficacy. Many aggressive solid 

tumors demonstrate increased infiltration of myeloid cells, particularly tumor-associated 

macrophages (TAM). An extensive examination of the connections between many 

biological elements of the tumor microenvironment and the ECM is crucial for 

clarifying the processes of disease advancement. This approach is particularly crucial 

for predicting therapeutic responses to conventional treatments and evaluating the 

effectiveness of TME-targeting pharmaceuticals (Rebelo et al., 2018). 

 

1.17.1 Cancer 

The TME is crucial to tumor start, development, and responses to treatment. A 

significant portion of our knowledge regarding tumors and their microenvironments is 

derived from diverse cell culture techniques. Biomimetic 3D culture systems, which 

replicate the in vivo microenvironment, are poised to serve as precise tools for 

diagnosis, drug evaluation, and personalized medicine (Atat et al., 2022). The following 

Migration  Assays Invasion  Assays 

Boyden chamber assay (Transwell) Transwell invasion assay

Wound healing assay Platypus invasion assay

Cell execution zone assay 3D cell tracking

Fence essay (ring) Gelatin degradation assay

Micro carrier bead assay Vertical gel 3D migration/invasion assays

Spheroid migration assay Spheroid/monodispersed cell invasion assay

Capillary chamber migration assay Spheroid confrontation assay

Horizontal capillary assay Spheroid gel invasion assays

Capillary tube migration assay

Leukocyte migration agarose assay  

In Vitro  Experimental Set-Ups
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figure (Figure 1.9) demonstrates an overview of 3D cancer cell culture systems and 

limitations of conventional 2D cultures. Cancer cells are sustained and cultivated in 3D 

culture systems utilizing various techniques, including scaffold-based approaches, 

bioreactors, organoids, microfluidic devices, and tumor spheroids, which are cellular 

aggregates that mimic the in vivo development of tumor cells. Preclinical drug testing 

and illness modeling are two current applications for 3D systems. 

 

 

 

Figure 1.9: Overview of 3D cell culture systems and limitations of conventional 2D 

cultures in cancer research 

 

Cell culture is crucial for pharmaceutical discovery, oncology research, and stem cell 

studies. 3D cell culture techniques facilitate more sophisticated research, yielding 

precise data on cellular connections, tumor attributes, and disease mechanisms. 

Scaffold-based techniques, including hydrogel and polymeric solid supports, as well as 

scaffold-free technologies such as hanging drop microplates and magnetic levitation, 

offer unique benefits and applications. 3D cell culture may serve as a conduit between 

2D and animal models, offering particular methodologies for investigating organ 

functionality (Jensen & Teng, 2020). 

 

1.17.2 Glaucoma 

Glaucoma represents a primary global reason for irreversible vision impairment 

(Dumbrăveanu, Cușnir, & Bobescu, 2021).  The relative afferent pupillary deficit 

(RAPD) diagnosis, as determined by the swinging flashlight test with neutral density 
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filters, demonstrated acceptable sensitivity and high specificity for glaucomatous optic 

neuropathy; thus, the swinging flashlight test is a potentially valuable screening tool 

(Charalel, Lin, & Singh, 2014). Similar tests may be investigated using wearable 

products, such as headsets or smart glasses, which simultaneously capture eye 

movements and compare the consistency of pupil movements. A software program may 

act as a pupilometer to detect pupil radius. 

 

3D cell culture platforms facilitate precise and dependable modeling of tissue-like 

interactions between cells and the ECM. They integrate conventional 2D techniques 

with in vivo and ex vivo models, potentially aiding in the elucidation of causal processes 

underlying outflow challenges in ocular hypertension and glaucoma. The Matrigel 3D 

culture platform may facilitate the development and screening of glaucoma drugs 

(Ghosh & Herberg, 2024). 

 

DL-based glaucoma detection using CNN and digital fundus images may present a 

promising method for accurate diagnosis; however, such AI investigations require 

substantial improvements to enhance the clarity, coherence, and scientific rigor of the 

results (Song, Wang, & Xing, 2024). 

 

1.17.3 Neurodegenerative diseases  

Alzheimer's disease (AD), Parkinson's disease (PD), amyotrophic lateral sclerosis 

(ALS), and Huntington's disease (HD) are the most prevalent neurodegenerative 

illnesses. In these diseases, glial cells can proliferate rapidly, and cells can be extracted 

from an embryonic or postnatal brain. Neurodegenerative conditions can be simulated 

using scaffolds, spheroids, organoids, 3D bioprinting, microfluidic systems, and organ-

on-a-chip methodologies (Louit et al., 2023). 

 

1.17.4 Alzheimer’s disease 

Amyloid-β plaques and neurofibrillary tangles are two histological indicators of 

Alzheimer's disease (AD), the most common form of dementia (Mancino et al., 2018). 

Amyloid-β plaques and neurofibrillary tangles were not present in human neurons 

isolated from AD patients; nonetheless, there was an elevation in phosphorylated tau 
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and toxic amyloid-β species. We report that in a 3D culture system derived from human 

brain stem cells, familial AD mutations in β-amyloid precursor protein and presenilin-1 

can induce significant extracellular deposition of amyloid-β, including the formation of 

amyloid-β plaques. This distinctive technique may facilitate the development of more 

accurate human neural cell models for various neurodegenerative diseases (S. H. Choi 

et al., 2014). 

 

1.17.5 Parkinson’s disease 

Parkinson’s disease (PD) is the second most prevalent neurodegenerative disorder, 

significantly diminishing the quality of life for sufferers due to its extensive array of 

motor and non-motor symptoms (Keles et al., 2025). Substantial loss of dopaminergic 

neurons and the aggregation of α-synuclein protein into ubiquitin-positive Lewy bodies 

represent a fundamental neuropathological feature of PD. Scientists are investigating 

the prediction of PD subtypes based on AI algorithms (D’Sa et al., 2023). The following 

figure (Figure 1.10) outlines the Workflow for machine learning with image data using 

a CNN to predict subtypes of PD. Researchers have designed and trained a dense neural 

network using Python and the TensorFlow framework (Figure 1.10). The model's 

architecture had three fully connected layers with ReLU activation functions. Each layer 

was followed by a dropout layer with a dropout rate of 0.2, which helped prevent 

overfitting. The last layer of the network was a dense layer that utilized a SoftMax 

activation function to enable multiclass classification. 

 

 

Figure 1.10: Workflow for machine learning with image data via CNN for predicting 

subtypes of PD (D’Sa et al., 2023) 
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The generation of significant nuclear-associated Lewy bodies from endogenous wild-

type α-synuclein, which is translationally regulated by its own promoter in human cell 

culture models, requires costly and labor-intensive techniques. Scientists have shown 

that fully developed human SH-SY5Y neuroblastoma cells can grow in biomimetic 3D 

ECM platforms with Lewy-body-like pathology when exposed to exogenous α-

synuclein species (Taylor-Whiteley, Le Maitre, Duce, Dalton, & Smith, 2019). 

 

1.17.6 ALS 

A human neuromuscular co-culture system was established to investigate the 

functionality and maturation of human motoneurons (MNs) and their corresponding 

muscle cells at neuromuscular junctions (NMJs). The system, composed of induced 

pluripotent stem cell (iPSC)-derived motor neurons and 3D skeletal muscle tissue, was 

utilized as an in vitro model to investigate the pathophysiology of amyotrophic lateral 

sclerosis (ALS). The system exhibited diminished neuromuscular connection and 

muscle contraction in co-cultures, including motor neurons with the ALS-associated 

SOD1 mutation (Massih et al., 2023). 

 

A separate study utilized iPSC-derived cells to model ALS and investigate the 

previously unreported phenotype. Wild-type iPSC lines were created, and C9orf72 

knockdown human iPSCs were differentiated into astrocytes, motor neurons, and spinal 

cord organoids (SCOs). The C9-SCOs exhibited characteristics of spinal cord 

development and various neuronal cell types. Proinflammatory factors were elevated in 

C9-iPSC-derived 2D cells and 3D cultivated SCOs, indicating reduced C9orf72 

expression and pathological features of ALS (Guo et al., 2024).  

 

1.17.7 Pancreatic adenocarcinoma 

Co-culturing pancreatic adenocarcinoma (PDAC) tumoroids with human-derived 

fibroblasts demonstrates the pro-invasive effects of stromal components on tumor 

growth and drug response. This investigation highlights the significance of advanced 

biomimetic 3D models, such as tumoroids, in enhancing the comprehension of cancer 

complexity and therapeutic responses (Seyfoori et al., 2025). 
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1.17.8 Glioblastoma 

Recently, 3D cultures have provided a means to address these challenges, and brain 

organoids are emerging as a groundbreaking tool in glioblastoma research. The capacity 

to effectively generate brain organoids through gene editing and to conduct co-cultures 

with PDT spheroids has facilitated the exploration of cancer progression in a manner 

that more accurately reflects brain tissue architecture. Moreover, the establishment of 

biobanks with organoids derived from GB patients is essential for advancing precision 

medicine therapy (Andreatta et al., 2020). 

 

GB TME is notably heterogeneous, comprising a mixture of malignant and non-

cancerous cells, with non-cellular components such as the ECM. The following figure 

(Figure 1.11) illustrates continuous, multi-directional interactions between glioblastoma 

cells and normal stromal cells, including endothelial cells and astrocytes, which enable 

the tumor to exploit its surrounding microenvironment and induce a tumor-supportive 

phenotype. Extracellular vesicles have lately been identified as directly participating in 

this interaction, alongside diffusible cytokines and growth factors (Simon, Jackson, & 

Giamas, 2020). 

 

 

Figure 1.11: The heterogeneous nature of GB cells in their micro-environment (Simon 

et al., 2020) 

 

The advanced tumoroid model facilitates the evaluation of various GB ECM 

compositions, including collagen and Reelin, to determine their impact on GB 
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invasiveness. The tumoroid in vitro model facilitates the screening of 

chemotherapeutics, including TMZ with iron chelators, in both monotherapy and 

combination therapy situations. This approach assesses their toxicity on the viability 

and apoptosis of the GB model embedded within a complex ECM (Seyfoori et al., 

2025).   

 

The TME plays an essential role in tumor development, progression, and responses to 

chemotherapy. A significant portion of our knowledge regarding tumors and their 

microenvironments is derived from diverse cell culture techniques. 3D culture systems, 

which replicate the in vivo microenvironment, are poised to serve as precise tools for 

diagnosis, drug evaluation, and personalized medicine (Ratliff et al., 2023). 

 

1.18 Applications of AI in GB 

 

Although this thesis examines the integration of 3D technologies and AI in analyzing 

the GB TME, we have explored the status of AI applications in overall GB research in 

this chapter. AI applications applied to GB include diagnosis, treatment, determining 

severity, progression, and categorization (Luo et al., 2023). 

 

AI is essential in many aspects of GBs, including tumor categorization, diagnosis, 

differentiation, scoring, treatment response, clinical outcome forecasting (prognosis and 

recurrence), molecular characteristics, clinical categorization, TME characterization, 

and drug development (Figure 1.12). The implementation of AI in GB has progressed 

significantly, especially in medical image analysis; however, AI is still in its initial 

phase of validation and deployment (Luo et al., 2023). 

 

Some studies focus on AI within 3D cell culture technologies, aiming to enhance our 

understanding of the TME, which could facilitate the development of customized 

treatments and personalized medicine (Walsh & Quail, 2023). The various cellular and 

acellular components constituting the TME may collectively influence tumor growth, 

invasion, metastasis, and treatment responsiveness (Elhanani et al., 2023). It is 

becoming more crucial to observe the TME's cellular diversity and 3D structure to 

understand how diseases progress and how treatments work. The following 
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representation (Figure 1.12) outlines the utilization of AI in numerous aspects of GB, 

including tumor classification, diagnosis, differentiation, scoring, effectiveness of 

therapy, clinical outcome prediction (prognosis and recurrence), molecular 

characteristics, clinical classification, TME analysis, and drug development (Luo et al., 

2023). 

 

 

Figure 1.12: Utilization of AI in GB (Luo et al., 2023) 

 

The two methods presented here offer distinct approaches to drug testing and brain 

tumor research (Luo et al., 2023). Studies are offering a comprehensive survey of AI 

approaches employed in brain tumor images, including a narrative investigation that 

provides a general summary of these techniques. Some studies explain an experimental 

approach that focuses on personalized drug testing using machine learning, while others 

provide an overarching view of AI methodologies employed in brain tumor imaging.  
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Gliomas, the most prevalent malignant neoplasms in the central nervous system, present 

considerable challenges in diagnosis and management. MRI has advanced considerably 

with the introduction of multimodal MRI, providing a comprehensive perspective on 

tumor intricacies. This comprehensive approach enhances patient outcomes by 

providing accurate diagnoses and customized treatment plans. The integration of 

artificial intelligence with MRI data is expected to revolutionize the field, enabling 

more sophisticated studies (Y. Yan et al., 2025). 

 

Glioblastomas represent the predominant kind of malignant brain tumors, resulting in 

around 200,000 fatalities each year. The present therapeutic modalities comprise 

surgical excision, radiation therapy, and chemotherapeutic agents. Precise tumor 

segmentation is essential for efficient treatment planning. Nevertheless, existing 

methodologies are laborious, subjective, and costly. A diagnostic tool powered by AI 

has been developed to autonomously distinguish between brain tumors and predict the 

promoter methylation status using brain MRI data. This approach enables physicians to 

submit brain MRI images, provide segmentation and methylation predictions, and guide 

treatment planning, ultimately improving survival time (Goddla, 2022). 

 

The studies based on AI and GB demonstrate how combining 3D in vitro technology 

with AI and multi-omics datasets can revolutionize our knowledge of the TME. This 

kind of integration could transform personalized cancer treatment and clinical decision-

making. However, studies emphasize the importance of optimizing these technologies 

for clinical applications and increasing researcher accessibility. Even while AI has 

much potential to help with GB patients' clinical care and precision medicine, there are 

still several obstacles to overcome, especially regarding deployment. Some studies 

present a novel method that enhances the capacity to evaluate GB treatment responses 

and microenvironment features by integrating 3D bioprinting with a multi-algorithm 

machine learning technique. This combined strategy may be effective for a wide range 

of cancer types. These studies also highlight how AI is becoming increasingly valuable 

in brain tumor imaging, enabling the planning of treatments with higher precision and 

the prediction of patient outcomes with superior accuracy. The goal of this investigation 

is personalized medicine (Scimeca, Urbano, Toschi, Bonanno, & Schillaci, 2021). 
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1.19 Application of AI in 3D in vitro technologies on GB TME 

 

Organoid intelligence in biocomputing could yield valuable insights into neuroscience 

while presenting a biohybrid approach to information processing. Progress in the 

engineering of brain region-specific organoids, the development of sensors and signal-

processing tools, and the integration of artificial intelligence, along with improvements 

in downsizing, will enable the development of organoid intelligence, impacting 

biomedicine and other domains (Smirnova, 2024). This section provides an overview of 

the methodologies utilized to investigate the applications of AI in studying the GB TME 

using 3D technologies. The TME is a dynamic and complex environment, containing an 

extensive range of cell types and extracellular materials. Comprehending the TME's 

cell-level heterogeneity and spatial arrangement is essential for elucidating the 

pathways that drive tumor growth and treatment responses (Walsh & Quail, 2023). 

The brain consists of several cell types that sustain the integrity of normal brain 

function through their meticulous coordination. The interaction of GB cells with several 

cell types (immune cells, neurons, astrocytes, pericytes, endothelial cells, etc.) 

establishes a distinctive milieu crucial for GB growth and invasion (L. L. Wang et al., 

2021). Understanding the architecture and evolution of the TME may improve the 

prevention and treatment of GB. AI offers a technique for a noninvasive sampling of the 

tumor microenvironment, facilitating the dynamic and comprehensive assessment of 

geographically diverse glioblastoma. Recent research has demonstrated that an ANN 

model employing DNA damage response genes can predict outcomes in LGG, 

exhibiting significant robustness and superiority in response to mutation and 

immunological microenvironment conditions (Luo et al., 2023). 

The primary objective of GB research is to identify cellular subpopulations within the 

TME associated with prolonged clinical outcomes, intending to develop novel 

medicines and diagnostics (Cè et al., 2023). Deep CNNs for segmenting whole-slide 

pathological images identify the interactions of microglia, pericytes, and monocytes 

with tumor cells in regions of tumor and cellular malignancy, as well as microvascular 

growth, which correlates with adverse prognostic outcomes in GB. 
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Several 3D model systems, including spheroids, organoids, and bio-printed scaffolds, 

were employed to mimic the intricate nature of the GB TME (Piantino, Figarol, & 

Matsusaki, 2021). The 3D systems were chosen for their capacity to replicate relevant 

aspects of the GB microenvironment, including tumor heterogeneity, cellular 

interactions, and an ECM (Bhattacharya et al., 2024). The choice of the experimental 

model was based on the research's specific goals. Spheroids were utilized for high-

throughput screening because they are easily formed, quickly develop, and are well-

suited for large-scale tests. On the other hand, organoids had a more sophisticated and 

physiologically appropriate multicellular structure, which enabled the detailed study of 

tumor-stroma dynamics and interactions with immune cells.  

 

Additionally, 3D bio-printed structures were incorporated to create bespoke 

microenvironments with a regulated spatial organization of various cell types. This 

approach facilitated the representation of tissue structure and functional heterogeneity. 

Glioblastoma cells and normal stromal cells, including endothelial cells or astrocytes, 

talk to one another all the time in many directions. Such communication enables the 

tumor to take over its microenvironment, resulting in a tumor-supportive phenotype. 

Recent descriptions directly implicate extracellular vesicles in this interaction, along 

with diffusible cytokines and growth hormones. 

 

Obtaining Data from 3D Models is enhanced by imaging and monitoring methods. 

Advanced imaging techniques are used to collect real-time data from the 3D cultures 

(Alieva et al., 2024). Researchers have used advanced imaging techniques to provide a 

clear picture of how cells are organized and behave in 3D biological systems. Confocal 

microscopy was utilized to produce optically sectioned pictures that selectively capture 

in-focus planes, facilitating a profound analysis of cellular structures and their 

interactions while eliminating out-of-focus light through the application of one or more 

apertures (Nikon, 2024). In addition to this method, live-cell imaging has enabled the 

real-time observation of dynamic processes, such as cell proliferation, invasive 

behavior, and treatment responses. Fluorescent markers were also used to label and 

keep track of specific groups of cells, including cancer stem cells and immunological 

subsets. This enabled the accurate mapping of cellular dynamics in space and time 

within complex biomimetic 3D models.  
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Deep learning models are employed to leverage the optimal features of confocal 

microscopy. Scientists train the U-Net and ResU-Net convolutional neural network 

(CNN) architectures to anticipate the appearance of high-quality photographs. In the 

following figure (Figure 1.13), a schematic representation of the confocal fluorescence 

microscopy is presented (Suresh et al., 2025). This diagram illustrates the operation of a 

confocal microscope system’s optics. This system can take high-resolution pictures in 

three dimensions (x, y, and z). The laser beam enters the system and is directed to the 

primary lens, where it is precisely focused. After passing through the lens, the beam hits 

a beam splitter, which serves two functions: it sends some of the light down the 

detecting pathway and reflects the rest downward toward the objective lens. The 

objective lens then focuses the laser into the sample, which is placed directly below it to 

ensure that the intended focal volume is excited appropriately. The light that comes 

from the sample or is reflected off it goes back through the objective and beam splitter 

before being projected onto the detection screen, écran. This setup enables the system to 

take optically sectioned pictures at particular depths, allowing for the creation of 

detailed 3D datasets by scanning along the x-, y-, and z-axes in a controlled manner. 

 

 

Figure 1.13: Schematic diagram of the meta-MLA confocal microscopy (Suresh et al., 

2025) 
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The AI integration with 3D technologies encompasses various stages, from developing 

biologically significant 3D tumor cultures and progressing to utilizing AI algorithms for 

data analysis, prediction, and therapeutic exploration (Boehm et al., 2022).  

 

1.20 Patient-derived tumor cultures & machine learning workflow (GlioML) 

In literature, studies have been conducted to obtain patient-derived tumor (PDT) 

samples from GB patients, which are then used to create PDT cultures for drug testing. 

The cultures are bio-printed using a custom bio-ink made of gelatin methacrylate 

(GelMA) and hyaluronic acid methacrylate (HAMA) to recreate the GB ECM more 

precisely. The bio-ink, composed of a chemical HAMA and GelMA, has been designed 

to replicate the GB ECM commonly used in organoid 3D technologies. Scientists have 

developed a multi-algorithm machine learning workflow called GlioML to predict drug 

responses. GlioML employs nine supervised learning algorithms and a weighted 

ensemble model, thereby adopting a data-driven, experimental approach for 

personalized drug testing (Min Tang et al., 2024). 

GB cells were acquired from either PDT tissues or established commercial GB cell 

lines, and subsequently proliferated under specific culture conditions to create 3D 

model systems. To generate spheroids, GB cells were placed in non-adherent culture 

plates, where they could not adhere to any other surface, allowing them to form tight, 

multicellular spheroids naturally. Using stem cell-derived GB structures implanted in 

Matrigel, organoid models were made to mimic substantial parts of the native ECM and 

facilitate the intricate assembly of tissues. Simultaneously, 3D bio-printed GB models 

were created by accurately placing GB cells, stromal components, and matrix materials 

utilizing a controlled printing method. After being printed, these structures were 

transferred to bioreactors designed to maintain optimal environmental conditions, which 

helped the cells remain alive, the structures remain strong, and the physiological 

relevance across the various 3D platforms. 

The subsequent graphic (Figure 1.14) depicts the research examining the feasibility of 

using 3D bio-printed models with GlioML to forecast and evaluate personalized therapy 

responses in glioblastoma patients. The graphic depicts a comprehensive methodology 

that integrates an experimental component involving PDT creation and the assessment 
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of various compounds and drugs with a computational facet (collection of genetic 

expression data and GlioML prediction) (Min Tang et al., 2024).  

 

 

Figure 1.14: Combination of Experimental and Computational Studies. The illustration 

presents the research that explores the integration of 3D bio-printed models with 

GlioML to predict and evaluate individual treatment responses in GB patients (Min 

Tang et al., 2024) 

 

The following graph (Figure 1.15) represents GlioML's PCA of the area under the curve 

(AUC) matrix differentiated between the WHO score GB III and GB IV, revealing 

particular medicament treatment response patterns. Three GlioML drugs, dasatinib, 

RSL, and lovastatin, showed positive responses in CW468 cells, along with median 

viabilities exceeding those with TMZ. These compounds were found in three clusters. 

The t-SNE map indicates that dasatinib and RSL cluster together, while lovastatin and 

TMZ occupy distinct clusters based on the responses of the 481 compounds to patient 

samples (Min Tang et al., 2024). 
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Figure 1.15: Drug Responses of GB Patient Samples (Min Tang et al., 2024) 

 

The following figure (Figure 1.16) illustrates the raw data on the expression of protein-

coding genes, which have been transformed into single-sample analysis of gene set 

enrichment (ssGSEA) results for the selected gene sets. In contrast with the gene 

expression results, the ssGSEA scores offered enhanced interpretability and elucidated 

the regulatory extent within each gene set. Sixty-six cell lines from the CTRP were 

thoroughly identified within the CCLE and subsequently isolated for further utilization. 

The AUC for each cell-compound pairing functioned as labels, while unlabeled couples 

were pre-processed and subsequently excluded. We consolidated all this information to 

produce the preliminary training data for the workflow (Min Tang et al., 2024).  
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Figure 1.16: A machine-learning technique to predict medication responses, GlioML. 

This illustration represents the GlioML algorithm, an ML approach that utilizes multiple 

algorithms to predict pharmaceutical responses. The process comprises four primary 

elements (1) Data preprocessing, which includes labeling and standardizing a training 

dataset; (2) Feature engineering, the discovery of pertinent variables for precise 

prediction of GB treatment response; Training Module: an extensive procedure for 

developing individual predictors, involving feature reduction, initial training, and final 

performance assessment; lastly (4) Downstream Applications, which indicate features 

involve microenvironment analysis and treatment response prediction (Min Tang et al., 

2024) 

 

1.21 Multi-omics technologies for elucidating tumor immune dynamics 

 

Single-cell proteomics, epigenomics, transcriptomics, and metabolomics are single-cell 

spatial omics methodologies designed to evaluate tumor slices and tissues in two 

dimensions. The following graph (Figure 1.17) illustrates various data layers that can be 
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combined into a single sample. Emerging technologies are being developed that 

enhance tissue-clearing processes or serial segment alignment, broadening these 

capabilities into three dimensions to encompass whole tissue volumes or entire 

organisms (Walsh & Quail, 2023). 

 

Additionally, time-controlled barcoding or sampling methods incorporate 

spatiotemporal evaluation of tumor immune system responses across time at a single-

cell level within these datasets for data enrichment (Z. Xie et al., 2021). The objective is 

to obtain omics data from the 3D GB models, which were collected using high-

throughput technologies, to create a comprehensive molecular dataset. To obtain a more 

comprehensive characterization of glioblastoma (GB) biology and its associated TME, 

several analytical methodologies must be further refined and integrated (Wilkinson et 

al., 2016).  

 

Gene expression profiling using RNA sequencing facilitates an in-depth analysis of 

transcriptional programs within both tumor and stromal compartments, elucidating the 

molecular determinants of disease progression (Sammut et al., 2022). In addition to 

transcriptomic analysis, proteomic methods can measure the amount of protein present 

and investigate substantial signaling pathways that are active in GB tissues. This gives 

genomic and transcriptomic results a functional context (L. Chen, Qin, Guo, Wang, & 

Li, 2021). Single-cell sequencing is also a significant step forward in understanding the 

diverse range of cell types that comprise the TME. It enables the accurate identification 

of separate subpopulations and their functional characteristics (J. H. Lee et al., 2015). In 

general, improving these methods will significantly enhance molecular resolution and 

help us gain a deeper understanding of how GB works. Examples of technologies within 

each category are shown in the figure below (Figure 1.17) (Walsh & Quail, 2023).  
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Figure 1.17: Omics Technologies (Madonna et al., 2022. , Walsh & Quail, 2023) 

 

1.22 Next-generation sequencing technology 

 

Next-generation sequencing (NGS) tools have significantly enhanced our 

comprehension of the GB TME (J. H. Lee et al., 2014). Scientists have employed 

machine learning techniques to illustrate the predictive significance of monocytes in the 

TME and their correlation with survival outcomes in glioblastoma. Irish et al. developed 

an unsupervised and automated machine learning algorithm for risk assessment and 

population recognition to identify phenotypically distinct cell subpopulations (including 

antigen-presenting cells, various immune cells, endothelial cells, GB cells, etc.) and to 

determine whether these specific populations stratify the survival of GB patients (Luo et 

al., 2023). 

 

Despite recent advancements in GB immunotherapy, the TME inhibits anticancer 

immune responses, leading to significant resistance. The integration of single cell 

sequencing with spatial transcriptome sequencing is crucial for examining the GB 

tumor microenvironment, hence promoting the advancement of effective 

immunotherapy (N. Zhang et al., 2021). 
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1.23 AI applications in drug discovery  

 

AI can provide valuable findings into the intricate cellular and molecular crosstalk 

among cells that govern tumor behavior when applied to biomimetic models of the GB 

microenvironment. The integration of AI and 3D technology could have a profound 

influence on GB research. It can accelerate drug discovery, enhance personalized 

treatment approaches, and deepen our understanding of tumor biology (Bittner & 

Farajnia, 2022). 

 

The pathophysiology of GB is complex, rendering it challenging to understand. Current 

targeted therapies often focus on experimental hypotheses while overlooking additional 

aspects, which can lead to potentially harmful effects (Luger et al., 2022). AI can 

address this complexity by comprehending gene interactions and product interactions, 

thus enhancing our understanding of GB etiology and investigating novel anti-GB 

targets (Kong et al., 2020). 

 

The advancement of GB therapy faces obstacles in identifying novel molecules that can 

cross the blood-brain barrier (BBB), which protects the brain from blood-borne 

constituents and pathogens. High permeability is essential for efficient drug discovery 

(P. Chen, Wang, & Gao, 2024). AI predictive models can mitigate intricate, costly, and 

time-intensive tests. Although we have observed recent advancements, including robust 

ML methods for novel compound screening, graphite dot-assisted laser beam 

ionization mass spectrometry for comprehensive drug development, and high-content 

phenotype screening for pharmaceutical assessment, AI applications in GB medication 

discovery are still in their early stages (Issa et al., 2021). 

 

Recent evolutions in AI have facilitated the creation of robust in silico techniques for 

elucidating intricate gene and gene-product interactions. Molecular interaction networks 

are progressively employed in machine learning to forecast physiologically significant 

interactions. SkipGNN, a graph neural network methodology, forecasts molecular cross-

talks among cells by consolidating data from cell interactions, referred to as skip 

similarity. It gathers brain signals from both immediate and two-hop neighbors and non-

linearly processes them to extract valuable information. Experiments on four interaction 

networks demonstrate enhanced performance, the acquisition of biologically relevant 



 
 
 INTRODUCTION 51 
  
 

 
51 

embeddings, and proficiency in handling noisy, incomplete networks (Huang, Xiao, 

Glass, Zitnik, & Sun, 2020). 

 

Graph neural networks (GNNs), including Graph Convolutional Networks (GCNs), 

Graph Attention Networks (GATs), and SkipGNN, have demonstrated remarkable 

efficacy in simulating biological networks by discerning patterns from protein–protein 

and gene–regulatory interactions (Yuan & Bar-Joseph, 2020). The research introduces 

EPGAT, a methodology for Essentiality Prediction utilizing GATs on graph-structured 

data. The model acquires gene essentiality patterns from protein-protein crosstalk 

networks and incorporates a multi-omics model represented as node attributes. EPGAT 

surpasses network-based and shallow machine learning methods, demonstrating 

competitive efficacy compared to the leading node2vec embedding technique. This is 

the most effective method in situations characterized by constrained and uneven 

training data (Schapke, Tavares, & Recamonde-Mendoza, 2022). Some research 

introduces a higher-order graph convolutional network (HOGCN) for predicting 

biological interactions. HOGCN consolidates data from the higher-order neighborhood, 

acquiring feature representations of neighbors at several distances. Experiments 

conducted on four interaction networks demonstrate that HOGCN yields more precise 

and calibrated predictions, particularly in the context of noisy, sparse networks. It also 

excels in literature-based case studies (Kc, Li, Cui, & Haake, 2022). 

 

Non-coding RNA (ncRNA) plays a crucial role in biological interactions and 

mechanisms, which may be related to many human disorders. Identifying new ncRNA-

protein interactions (NPIs) and mechanisms is crucial for comprehending the role of 

ncRNA. A novel computer model, named GATLGEMF, employs graph neural 

networks (GNNs) to forecast non-pharmaceutical interventions (NPIs). The model 

demonstrates exceptional performance on four benchmark datasets, attaining an AUC 

value of 92.41% for RPI2241 and 98.93% for NPInter v2.0 (J. Yan, Qu, Li, Wang, & 

Tan, 2024). 

 

Another study presents a new EPI prediction approach, GATv2EPI, which utilizes a 

dynamic GNN. It utilizes epigenetic data on promoters and enhancers to investigate 

intricate regulatory patterns. The approach enhances EPI prediction precision by 
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encapsulating intricate topological structural information and emphasizing the 

significance of epigenetic characteristics (T. Zhang, Zhao, Sun, Gao, & Liu, 2024). 

 

The Explainable Multilayer Graph Neural Network (EMGNN) represents an innovative 

methodology for cancer gene identification, utilizing various gene-gene crosstalk 

networks and comprehensive multi-omics data of cancer. This strategy surpasses 

current techniques, demonstrating an average enhancement of 7.15% in the precision-

recall curve. EMGNN highlights newly predicted cancer genes that exhibit 

contradictory predictions across individual biological networks, providing significant 

biological insights through model-level feature importance determination and 

molecular-level gene set enrichment analysis. This new approach presents a robust new 

framework for cancer genomics research (Chatzianastasis, Vazirgiannis, & Zhang, 

2023). 

 

These models can elucidate both direct and indirect interactions among biological 

entities, enhancing prediction accuracy in sparse datasets and facilitating the 

identification of novel regulatory processes. Models such as EMGNN and GATv2EPI 

have demonstrated significant predictive capability in identifying cancer-related genes 

and enhancer-promoter interactions, with numerous predictions being confirmed and 

subsequently incorporated into experimental databases. BioGRID is an open-access 

database that houses curated protein and genetic interactions from several species, 

including yeast, worms, Drosophila, mice, and humans. Comprising approximately 1.93 

million handpicked interactions, it facilitates biomedical discoveries, particularly in the 

context of human health and disease. BioGRID records protein post-translational 

changes and interactions with bioactive small compounds. It also engages in themed 

curation efforts focused on cellular regulation and disease domains. The Open 

Repository of CRISPR Screens (ORCS) aggregates single mutant phenotypes and 

genetic interactions obtained from genome wide CRISPR/Cas9 genetic screens 

(Oughtred et al., 2021). Simultaneously, Bayesian networks provide a probabilistic 

framework for integrating diverse biological data and managing uncertainty, 

particularly in the reconstruction of large-scale regulatory networks. Biological systems 

operate by intricate interactions among biomolecules, requiring a comprehensive, multi-

omics approach. This necessitates the formulation of methodologies that encapsulate 

these connections and integrate diverse data. A significant challenge is the absence of 
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data, as not all biomolecules are quantified in every sample. Recent advancements in 

artificial intelligence and statistical learning have enabled the analysis of multi-omics 

data; nevertheless, many methods require access to completely observed data. This 

evaluation examines contemporary methodologies, conventional approaches to handling 

missing data, and prospective advancements (Flores et al., 2023). Collectively, these 

AI-based methodologies have yielded tangible results, including the identification of 

critical genes, prospective therapeutic targets, and previously unrecognized molecular 

interactions, thereby enhancing our understanding of disease causes and guiding 

precision medicine initiatives.  

 

Our research incorporated machine learning models with image-based time-series data 

and experimental research centered on TMZ to forecast cellular behavior. The Materials 

and Methods chapter explains the experimental design, data collection protocols, and 

machine learning approaches utilized (CHAPTER 2, MATERIALS AND METHODS). 

The Results chapter delineates all calculations, model projections, and quantitative 

outcomes obtained from these methodologies (CHAPTER 3, RESULTS). The 

Discussion chapter interprets the data, examines methodological and biological limits, 

and situates the findings within the framework of previous literature (CHAPTER 4, 

DISCUSSION). The Conclusion chapter consolidates the main findings and outlines 

future perspectives and potential directions for further studies (CHAPTER 5, 

CONCLUSION). 

 

1.24 Data management 

 

Procuring adequate data for AI models remains challenging due to issues with data 

integrity and model training. Randomized controlled trials (RCTs) serve as the standard 

for training and verifying AI models; however, acquiring RCT datasets is labor-

intensive and requires collaboration across multiple institutions to obtain extensive 

datasets (Wilkinson et al., 2016). 

 

Federated Learning (FL) is an ML methodology that enables numerous devices or 

organizations to jointly train a model while preserving the confidentiality of raw data. 

Each participant trains the model locally using their own data and subsequently 
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transmits only the model changes, such as weights or gradients, to a central server, 

which consolidates these updates to enhance the global model. FL facilitates 

collaborative model training but necessitates secure aggregation to avert data leakage. A 

post-quantum aggregation technique utilizing a Key Homomorphic Pseudo-Random 

Function (KHPRF) is proposed, which minimizes communication cost and facilitates 

numerous aggregations with a single initialization, thereby achieving quantum-resistant 

aggregation with enhanced efficiency (Qin & Xu, 2025). The growing accessibility of 

healthcare data via computer software and hardware technologies offers a substantial 

opportunity for data science to enhance care delivery. Nonetheless, disjointed, and 

proprietary healthcare data hinders the ability to produce reliable outcomes across 

populations. Federated learning, a method that trains a collective global model via a 

central server while retaining sensitive data within local entities, presents potential 

solutions to these challenges and enhances privacy protection in the healthcare (Xu et 

al., 2021). Data-driven machine learning (ML) is a practical approach for constructing 

precise models from medical data. Access to this data is restricted owing to privacy 

issues and data silos (Rieke et al., 2020). 

 

Organoid technologies have numerous applications in biomedical fields, including the 

creation of biobanks, developmental biology, precision medicine, drug screening, 

regenerative medicine, and disease modeling. They develop biomimetic 3D systems that 

mimic and operate like actual tissues, underscoring their significance for investigating. 

These applications may require particular data storage and management methodologies. 

Organoids maintain patient-specific biological variability, supporting extensive studies, 

and enable personalized therapeutic testing in precision medicine. Additionally, they 

enhance evaluations of drug efficacy and toxicity compared to conventional two-

dimensional models, while also providing insights into tissue development and 

pathological mechanisms in regenerative medicine and disease modeling (Bai et al., 

2024). The following figure (Figure 1.18) illustrates the applications of organoids in 

various domains.  
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Figure 1.18: Applications of organoids (Bai et al., 2024) 

 

Data gaps in AI-based organoid models are inevitable, as illustrated in the following 

graph (Figure 1.19). This challenge may be overcome by integrating multi-source data 

through novel methods, which could provide more insights into organoids (Bai et al., 

2024). 

 

 

Figure 1.19: Data gaps in AI-based organoids in an omics perspective (Bai et al., 2024) 
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CHAPTER 2: MATERIALS AND METHODS 
 

 

 

 

The methodology employed to address a problem significantly depends on one's 

perspective. Multidisciplinary studies play a vital role in finding solutions to complex 

problems. Mathematical and computer modeling is increasingly employed to clarify the 

complex dynamics of tumor formation in both animal and human settings. As the 

models develop, they are expected to predict patient outcomes and inform therapeutic 

protocols, including dosage and timing of administration. Furthermore, regarding 

biomimetic models, there is an opportunity to shift from animal models to more human 

brain-like constructs in in vitro 3D environments. he complexity of cancer, which 

includes genetic predisposition and the processes that allow abnormal cells to grow, 

invade, and migrate, has led to many problems that have not yet been solved. 

Employing a range of integrated methodologies may provide the most precise, 

predictive, reproducible, and efficient models to further neuro-oncological research 

(Praska, Odde, & Neil, 2021). 

 

The Introduction chapter provides a thorough literature review to describe and 

contextualize the principal concepts discussed in this dissertation, along with extensive 

background information related to GB (CHAPTER 1, INTRODUCTION). GB cells 

have characteristic behaviors, including proliferation, invasion, and migration. In this 

research, software programming techniques are developed to calculate migration 

capacity and proliferation rate as parameter results. The study consisted of days three, 

five, and seven of two experiment sets; parameter findings were calculated using 

software programming approaches to analyze image files. The results dataset consists of 

two separate components, produced expressly for testing and training purposes, 

respectively.  

 

All AI-based studies related to GB are often valuable, promising, and useful for patients 

and clinicians in facilitating their decision-making. Although AI applications range 

from disease severity diagnosis and prognosis prediction to treatment and postoperative 
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care, this thesis presents our study, which utilizes AI methods to predict tumor behavior 

using biomimetic 3D in vitro technologies as well as software design and programming 

methodologies.  

 

Deep learning frameworks have significantly contributed to enhancing scientific studies 

in various fields, particularly biomedicine, by improving the accuracy of diagnoses, the 

efficiency of analysis, and the quality of decisions based on data. AI has evolved the 

way clinicians diagnose diseases, enabling faster and more accurate detection, the 

creation of personalized treatment plans, and enhanced patient care (Hinton & Jordan, 

2024). 

 

AI can process vast amounts of data and identify patterns more quickly than the human 

brain can. As a result, AI could be a valuable and powerful tool in neuroscience. In the 

field of malignancies, particularly regarding GB, AI has shown promise in enhancing 

diagnostics, predicting patient treatment responses, and identifying innovative 

therapeutic interventions. AI has become a valuable tool for scientific study because it 

facilitates the objective examination of large datasets, enables the identification of 

patterns and similarities, and facilitates the prediction of future outcomes (Al-Rahbi et 

al., 2024). Additionally, the application of AI algorithms in neuroscience research may 

enhance our understanding of brain functions and elucidate disease mechanisms 

(Macpherson et al., 2021). 

 

Even with significant improvements in AI techniques, a clear gap remains between how 

computers are programmed and how the human mind makes decisions (J. Fan et al., 

2020). AI refers to computer systems designed to mimic the mental processes 

associated with human reasoning. These systems operate using either rule-based logic 

or adaptive, data-driven algorithms, providing answers that are not limited by the rules 

established for them. Two core ideas are reviewed to have a deeper understanding of 

today's capabilities and potential applications of AI: Machine Learning (ML) and Deep 

Learning (DL) (Parekh & Jacobs, 2019). 

 

The figure below (Figure 2.1) outlines a summary of the key ideas from the perspective 

of AI applications in this dissertation. In literature, developing a DNN for cell counting 

and classification is feasible (Jiang et al., 2021). Similar to the method explained in the 
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following figure (Figure 2.1), our research project includes image datasets collected on 

various days, indicating the presence of time-series data. ML algorithms are well-suited 

for predicting the future activity of cells, whereas CNNs are ideal for extracting spatial 

features from images. RNNs (especially LSTM/GRU) handle temporal sequences. The 

combination (CNN–RNN hybrid) is most accurate for spatiotemporal data such as time-

lapse microscopy. CNNs process spatial image features while RNNs model temporal 

evolution. Sequence learning models, including RNN, LSTM, and GRU circuits, are 

illustrated in the following figure (Zargar, 2021). 

 

 

Figure 2.1: Brief outline of the fundamental concepts in AI. Definitions arise for two 

fundamental terms: machine learning and deep learning. CNN denotes convolutional 

neural networks, RNN signifies recurrent neural networks, and DNN represents deep 

neural networks (Luo et al., 2023). Sequence learning models, including RNN, LSTM, 

and GRU circuits, are illustrated in B-1, B-2, and B-3 (Zargar, 2021). 

 

The main objective of this study is related to applied physics, as it simulates the 

physical properties of cells in 3D multiplex systems. The method is to utilize 

computational tools and ML algorithms on 3D cell culture images, as today we observe 

a lack of time-series predictive models on 3D GB datasets. By filling this gap, we aim 
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to gain a deeper understanding of TME and discover optimal solutions for its treatment. 

Combining these advanced methods may be beneficial for scientists to make accurate 

predictions about how cells will evolve and behave over time. These improvements may 

also facilitate the discovery of new parameters and therapeutic targets, leading to more 

precise medicine for patients over time. Additionally, our results may pave the way for 

subsequent investigations that delve deeper into the complex nature of tumor dynamics 

within 3D multiplex environments, allowing for the simultaneous capture of a large 

amount of data.  

 

The methodology utilized in this research encompassed the following elements:  

1) 3D cell culture in multiplex tumor microenvironments. 

2) Getting time-series image datasets from confocal microscopy. 

3) Using traditional computational methods to calculate parameters from image 

datasets. 

4) This research used the transformers as an ML model to predict GB cell 

behaviors. 

 

On the other hand, in addition to the core of this investigation, we enriched our research 

by measuring the proliferation behavior of live cell imaging videos captured for 3 days. 

Another application was the comparison of experimental and control studies of the 

control (CTRL) and TMZ groups. For this part of the study, we used a linear regression 

model to predict upcoming results.  

 

5) Using ML algorithms to predict cell behavior for the comparison of CTRL/TMZ 

results. 

6) Observing cell behavior on live cell imaging and voxel-based volume 

calculation.  

 

2.1 3D cell culture on TME multiplexed platforms 

 

In this study, RFP-tagged human brain U87 GB cells and GFP-tagged I-NHA human 

brain astrocytes were cultured in GelMA-based hydrogels on 3D multiplex platforms, 

which enable the culturing of biological replicates. Cell metabolic activity at distinctive 
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concentrations (1 million cells/mL, 2 million cells/mL, 3 million cells/mL) was 

quantified using the MTT assay (Ismayilzada, 2024). Figure 2.2 demonstrates that U87 

cells exhibited a similar pattern, with a concentration of 2 million/mL indicating a 

fourfold increase in viability that was significantly higher than both 1 million/mL and 3 

million/mL concentrations (p = 0.0139 and p < 0.0001, respectively). We were able to 

recreate a cell culture environment in this gel to study how GB and astrocytes interact 

and how this interaction changes over time. We obtained over 300 cell images. When 

we consider days 3, 5, and 7 as a combined set of image data, we have approximately 

70 sets of image data, which may be beneficial as input data for ML models predicting 

cell behavior.  

 

 

Figure 2.2: Human brain U87 GB cell metabolic activity at distinctive concentrations (1 

million/ml, 2 million/ml, 3 million/ml), quantified with MTT assay 

 

Advancements in biomimetic 3D cell culture platforms, such as GelMA-based 

hydrogels and bio-printed structures, have facilitated the recreation of physiologically 

relevant GB microenvironments, enabling enhanced evaluation of invasion and 

therapeutic response (Ismayilzada, 2024). GelMA was produced through a one-pot 

method and assessed via rheological tests and scanning electron microscopy to confirm 

its tunable stiffness and porosity. Using a two-step photolithography method, 

micropatterned co-culture constructs were created that allowed human brain U87 GB 

cells and I-NHA human brain astrocyte cells to be placed precisely where they were 

needed, either in direct contact with GelMA microspheres or spread out over nearby 

astrocytic matrices. We used MTT and Live/Dead tests to verify whether the cells were 
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alive, and phalloidin staining to observe the organization of the cytoskeleton. Functional 

analyses included RNA extraction, cDNA synthesis, and RT-qPCR targeting genes 

related to invasion, hypoxia, and epithelial-mesenchymal transition, as well as 

immunofluorescent labeling of GFAP to evaluate astrocyte reactivity. In addition, 

human brain U87 GB cells and I-NHA human brain astrocyte cells were labeled with 

RFP/GFP tags for imaging. MATLAB was used to obtain confocal microscopy images 

to determine how well they could move based on the normalized pixel area outside the 

microsphere limits, while calculating parameters including migration capacity and 

proliferation rate. Our research demonstrated that a biomimetic 3D multiplexed cell 

culture environment facilitated the simultaneous recording of many data points under 

identical conditions. The following metrics can be derived from datasets; this research 

emphasizes migration capacity and proliferation rate as calculated parameters. These 

parameters can be defined separately by researchers conducting the study. Below are the 

definitions in the context of this investigation; the ones that we have focused on are 

migration capacity and proliferation rate metrics.  

 

§ Proliferation Rate: Total area of U87 cells, which are RFP tagged red pixel 

points in the image dataset. It is also possible to calculate this metric as a 

volume if the image has all its dimensions or slices.  

§ Cell Morphology: U87 cells have a spherical shape, characterized by their 

radius; other types of GB cells, such as those other than U87, may have separate 

structures, including a diamond shape.  

§ Migration Capacity: The percentage of the total number of U87 cells that have 

moved outside the donut compared to the total area of the frame (1024x1024). 

§ Invasion Rate: This parameter can be defined separately according to 

perspective; in our study we define it as the number of surrounding micro glial 

cell types which can be astrocytes or Brain Microvascular Endothelial Cells 

(BMEC) cells that are co cultured with U87 GB cells and the total area of micro 

glial cells that have invaded inside to the donut represent invasion rate, it is 

measured by total pixel area of micro glial cells, which were GFP tagged and 

had green color on image datasets. 

§ Migration Rate: This parameter represents the total number of U87 cells that 

migrated outside the designated area, specifically outside the donut. It is 
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measured by the total pixel area of RFP-tagged U87 cells, which appear outside 

the green donut in the image dataset. 

 

We had two particular types of co-culture set-ups: direct and stamping co-culture 

configurations. In direct co-culture, GB cells and astrocytes are grown together in a 

donut-shaped environment, as shown in the following figure (Figure 2.3). In the 

stamping configuration, on the other hand, GB cells are placed inside the donut and 

surrounded by astrocytes. We observed that the migration capacity in the direct setup 

significantly surpasses that of the stamping arrangement. Therefore, we decided to use a 

direct arrangement for the part of our study that involved making predictions during the 

computational part of this investigation. 

 

 

Figure 2.3: Migration behavior of U87 GB cells, comparison of direct and stamping 

configurations for migration capacity 

 

2.2 Data acquisition and preprocessing 

 

Confocal image datasets were acquired with a spectral confocal laser scanning 

microscope, Leica Microsystems (Ismayilzada, 2024). The software can provide images 

in both 2D and 3D formats, as well as create videos for visualizing the image from 

distinct perspectives. Our study included confocal images taken on the following days: 

3, 5, 7, and 9. A set of samples is illustrated in the following figure (Figure 2.4), which 

presents both direct and stamping configurations in a time series format. Due to the 

absence of data for day 9 in the second biological duplicate, we incorporated only the 

photos from days 3, 5, and 7 in our calculations and predictions within the 

computational segment of our research. The results will be expanded and evaluated in 

the subsequent chapters (RESULTS, DISCUSSION). 
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Figure 2.4: 3D confocal microscopy images of RFP-tagged human brain U87 GB cells 

and GFP-tagged I-NHA human brain astrocytes from day 3 to day 9 in direct and 

stamping configurations (Ismayilzada, 2024) 

 

The fluorescent microscopy images in the following figure (Figure 2.5) demonstrate 

RFP-tagged human brain U87 GB cells on the 3rd, 4th, and 14th days of cultivation. On 

the 3rd day, RFP-tagged U87 cells cultured in a 2D environment with GB medium 

developed a neurosphere-like structure. On the 4th day, monoculture U87 cells are 

observed and demonstrated at distinct zoom levels. On days 3 and 14, cells are treated 

separately to form spheroids. Ultimately, we observe a clear proliferation and migration 

of RFP-tagged U87 spheroid cells cultured in a 2D environment with GB medium at 

day 14. 
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Figure 2.5: RFP-tagged human brain U87 2D fluorescent microscope images 

 

In the following figure (Figure 2.6), inverted microscope images of the human brain 

U87 are shown, comparing both the control and TMZ treatment groups (Oğuz, 2025). 

Images were taken at three distinct times: at the beginning, after 24 hours, and after 48 

hours, for each case. This time-lapse display enables a qualitative evaluation of cellular 

behaviors, encompassing proliferation, morphological changes, and migration 

dynamics. The comparative imaging among treatment groups elucidates the temporal 

effects of TMZ on human brain U87 GB cell proliferation and migration.  
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Figure 2.6: Time-based TMZ-Control U87 Inverted Microscopic Images (Oğuz, 2025) 

 

2.3 Live cell imaging 

 

We can observe how cells evolve both in 2D and 3D platforms. A case study examines 

T-cell behavior via live cell imaging techniques. BEHAV3D is a technology that 

advances immuno-oncology research by integrating multi-color live 3D cell imaging 

and computational analysis, facilitating real-time observation of patient-derived tumor 

organoids and immune cells. It elucidates essential processes, including tumor cell 

apoptosis and T-cell migration, using rapid imaging methodologies, thereby facilitating 

comprehensive studies at both the single-cell and population scales. The platform's 

image segmentation algorithms generate data-driven 3D renderings that highlight tumor 

heterogeneity, demonstrating its efficacy as a powerful tool for evaluating 

immunotherapies in diverse co-culture settings (Alieva et al., 2024).  

 

Cell migration is essential for accurate cell localization and function during 

development and homeostasis, with heightened migratory potential noted in disorders 

such as cancer. Another study presents a technique for prolonged 3D imaging using 

two-photon excitation microscopy, which facilitates an understanding of cellular 

dynamics in both healthy and diseased tissues. Refined live imaging techniques were 
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established to examine cell migration (Staneva, Barbazan, Simon, Vignjevic, & Krndija, 

2018). The following figure (Figure 2.7) illustrates the application of the Otsu 

thresholding method to the first four frames of the live cell imaging sequence, 

enhancing contrast and facilitating quantitative segmentation. In our research, live cell 

images were acquired with Zeiss confocal microscope. 

 

 

Figure 2.7: Otsu thresholding on live cell imaging frames 

 

2.4 Processing data 

  

In this research, we utilized MATLAB and specific Python (version 3.1) development 

libraries, including TensorFlow, to assess the migration capacity and proliferation rate 

of U87 tumor cells. This was done by examining images taken with a confocal 
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microscope. The pictures were taken on the following days: 3, 5, and 7, and the 

proliferation rate gave an idea of the growth of tumor cells. Before machine learning 

algorithms were used, traditional software programming methods were used to 

determine and calculate parameter outcomes from image datasets (Prakash & 

Kanagachidambaresan, 2021). The results dataset had two distinct components, 

explicitly created for testing and training purposes in the ML process. The TensorFlow 

software package was utilized to develop RNN, LSTM, and GRU neural networks 

(Pavithra, Saruladha, & Sathyabama, 2019), which are kinds of ML algorithms.  

 

In MATLAB, paired visualizations can be developed as in the following figure (Figure 

2.8), allowing for direct image comparison. This feature enables researchers to compare 

original and processed images or particular types of cells side by side, facilitating a 

more accurate evaluation of cell interactions. Such comparative visualization is highly 

beneficial for cell culture image analysis, where precise analysis of variations in 

segmentation is required.  

 

 

Figure 2.8: Paired comparison of confocal images on MATLAB, GFP-tagged I-NHA 

human brain astrocytes vs. RFP-tagged human brain U87 GB cells 

 

Thresholding is an essential phase in image segmentation, with studies demonstrating a 

new approach to utilizing 3D Otsu and multi-scale representation for segmenting 

medical images. A faster version of this method is presented to reduce its high temporal 

complexity by dimension decomposition. The method employs a multi-scale 
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representation to reduce noise and enhance weak edges. It works by splitting images 

into smaller pieces using 3D Otsu and then smoothing them using quick local Laplacian 

filtering before the next iteration. Majority voting is used to get the final segmentation 

results. The algorithm is stable, capable of managing noise, and proficient in both dual 

and multi-level thresholding. Evaluations of MR brain pictures indicate that it surpasses 

alternative multi-level thresholding techniques (Feng, Zhao, Li, Zhang, & Li, 2017).  

 

When we applied Otsu thresholding in MATLAB to our dataset, the segmentations 

resembled those in the following capture (Figure 2.9). MATLAB offers an online, 

accessible, and user-friendly interface for adjusting parameters, allowing researchers to 

instantly modify thresholding settings and observe their impact on image quality. This 

flexibility is especially beneficial when interacting with cell culture images that are not 

all the same, as the optimal threshold values may vary for each sample and require 

refinement over time. However, in our study, we applied the same threshold value 

determined by Otsu’s method throughout the dataset to ensure consistency across all 

samples. 

 

 

Figure 2.9: Otsu thresholding on MATLAB interface 

In addition to the MATLAB programming language, we also used Python (version 3.1) 

for Otsu thresholding. The following images (Figure 2.10) were taken to observe the 

growth of U87 GB tumor cells; the frame numbers represent the 1st, 16th, 32nd, and 
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48th hours after the samples were placed in the microscope. Cell growth can be 

calculated after applying the Otsu thresholding algorithm. 

 

Figure 2.10: Otsu thresholding on Python, hourly GB cell growth 

This document summarizes the parameters and their calculations. 

§ Migration Capacity: The proportion of U87 cells that moved from the interior to 

the exterior of the donut relative to the overall exterior area of the frame 

(1024x1024, pixels). 

 

Migration Capacity = Area in Pixel Net * 100 /Area 

Exterior the circle 

 

 

§ Proliferation Rate: The total area occupied by U87 cells, represented as red 

pixel points labeled with RFP in the picture collection. 

 

Proliferation rate =  Area in pixels 

 

The future behavior of cells and the calculated metrics were predicted using ML 

techniques, with Python utilized as the programming language in an Anaconda 

environment (Müller & Guido, 2016). Migration capacity, as a metric of GB, indicates 

the percentage of the total migrated U87 cells relative to the entire area of the frame 

(1024 x 1024). Data were expressed as the mean ± standard error (N=2). 

(2.2) 

(2.1) 
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2.5 Volume calculation on 3D cell culture images 

The following figure (Figure 2.11) illustrates a 3D confocal microscopy 

configuration of RFP-tagged U87 human GB cells that are surrounded by GFP-tagged 

human BMEC cells. This 3D image illustrates the spatial arrangement of the two groups 

of cells on day 7 in the stamping configuration. It additionally demonstrates how closely 

they interacted with each other and how they were structured within the co-culture 

system. High-resolution confocal imaging enables a detailed examination of how tumor 

and endothelial cells interact, providing valuable insights into how tumors invade and 

how the microenvironment responds in tailored in vitro models. 

 

 

Figure 2.11: 3D confocal image of U87 and BMEC cells in stamping configuration, day 

7, scale 500 µm 

 

The following image (Figure 2.12) represents a 3D confocal microscopy output for 

RFP-tagged U87 GB cells surrounded by GFP-tagged BMEC cells at day 14.  

 

 

Figure 2.12: 3D confocal image of U87 and BMEC cells in stamping configuration, day 

14, scale 200 µm 
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3D confocal images encompass three spatial dimensions and defined scaling, which 

enables the estimation of the volume of formations, such as tumor cell aggregation. The 

table below includes the pseudocode that explains how the volume of RFP-tagged U87 

cells was calculated.  

 

First, the 3D image stack was imported, and  the X, Y, and Z axes ere defined for 

volumetric analysis. After converting the images to RGB format, HSV thresholding 

with a specified hue range was applied to identify regions of red fluorescence 

corresponding to tumor cells. A binary mask was then generated to isolate red pixels. 

These pixels were summed across the X - Y plane for each slice to calculate the tumor 

area per slice. 

 

For normalization, the total number of pixels (voxels) in the image was used, allowing 

the percentage of the area occupied by tumor cells in the top and bottom slices to be 

determined. 

 

An approximate height was then estimated from the extremity slices along the Z axis. 

Finally, tumor volume was calculated by multiplying the average cross-sectional area 

by the estimated height. This voxel-based approach provides a consistent method for 

quantifying tumor volume in 3D confocal microscopy datasets. 

 

The following table (Table 2.1) summarizes the steps of this algorithm in pseudocode 

format.  
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Table 2.1: Pseudocode of the volume calculation algorithm utilizing 3D confocal 

microscopy images based on voxels 

 

 

Colab functions as a platform for executing the Python programming language and 

offers the primary environment for software implementations. Colab, a cloud-based 

programming interface operating directly in the browser, utilizes Google Cloud 

resources to provide users with instant access to a fully configured Python workspace, 

complete with allocated processing and memory capacities. This configuration enables 

practical experimentation, programming, and cooperation, rendering it a valuable 

platform for all those involved in silico studies. It enables the deployment of code on 

GitHub, a platform that facilitates the creation, storage, management, and sharing of 

scripts by developers. The following capture (Figure 2.13) demonstrates the 
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implementation of voxel-based volume calculation on the Google Colab interface with 

Python (version 3.10).  

 

 

Figure 2.13: Voxel-based volume calculation on the Google Colab interface with 

Python programming language 

 

2.6 Software programming for parameter calculations and predictions on time 

series data 

 

The computation of the subsequent components is essential for determining the metrics 

associated with GB growth; we refer to them as parameters or metrics in this research. 

Metrics for the photos were calculated using the structured programming language 

MATLAB, employing area and radius calculations (Fangohr, 2004). 

§ Area (μm²): Gross/Net Area 

§ Diameter/Radius (μmeter): Estimated diameter of the spheroid 

 

The cell images captured on days 3, 5, 7, and 9 are presented in the subsequent image 

dataset. Red U87 type GB cells engaged with green astrocytes, as in the following 

figure (Figure 2.14) (Ismayilzada, 2024). In the image below, the radius of the donut 

shape is visible on day 3. The images include both GFP-tagged I-NHA human brain 

astrocytes and RFP-tagged human brain U87 GB cells. It is visible to the human eye 
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that GB cells tend to grow from day 3 to day 9, and tumor cells migrate outside the 

donut.  

 

 

Figure 2.14: Calculating parameters based on confocal images (Ismayilzada, 2024) 

 

The future behavior of cells and the computed metrics were forecasted using machine 

learning methods, with Python employed as the programming language within an 

Anaconda environment (Müller & Guido, 2016). Executed MATLAB Results for 

migration capacity parameters and a comparison of direct and stamping co-culture; 

these configurations will be incorporated as features in ML algorithms for future 

predictions of cellular activity. Migration capacity, as a metric of GB, indicates the 

percentage of the total migrated U87 cells relative to the entire area of the frame (1024 

x 1024). Data were expressed as the mean ± standard error (N=2). 

 

In a general perspective, time series data refers to a succession of observations recorded 

over time, with each data point associated with a specific timestamp (Kostadinov, 

2018). We examined confocal images taken on days 3, 5, and 7. 

 

The normalization process used MinMax functions before ML algorithms were used. 

RNNs provide a distinctive advantage in time series forecasting by facilitating the 

understanding of complex temporal relationships. Examining LSTM and Gated 

Recurrent Unit (GRU) models demonstrates to us how powerful predictive analytics can 

be considered as an ML approach (Zaccone & Karim, 2018). 

 

In our study, we utilized several software platforms for programming purposes, 

including Google Colab, PyCharm, and Visual Studio Code. As shown in the following 

capture (Figure 2.15), PyCharm provides a user-friendly interface for performing tasks 



 
 
 MATERIALS AND METHODS 75 
  
 

 
75 

by utilizing the client's (i.e., personal computer) local memory and processing 

resources. 

 

 

Figure 2.15: Neural networks project development on the PyCharm interface with the 

Python programming language 

 

The loss function plays a crucial role in training various neural network architectures, 

including CNNs, RNNs, LSTMs, and GRUs. The loss function measures the accuracy 

with which the model's predictions align with the target outputs. This information is 

then used directly in the optimization techniques through backpropagation approaches, 

which offer a quantitative assessment of prediction inaccuracies, facilitating weight 

adjustments during training. The distinctions in architecture determine how gradients 

spread and how they affect the learning process. The loss, on the other hand, remains 

the primary goal of optimization, which aligns model predictions with the desired 

outputs. In CNNs, the loss function measures the discrepancy between the predicted 

labels and the actual labels. For example, cross-entropy loss is commonly used for 

classification, while mean squared error is typically employed for regression. In RNNs, 

the loss function examines predictions at each time step and compares them to the 

ground truth. This captures temporal relationships. LSTMs alleviate the vanishing 

gradient problem by allowing gradients to propagate over more extended periods of 

time. GRUs employ a simpler gating structure yet still exhibit disparities between 

sequences and adjust their weights. 
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We used the mean absolute percentage error (MAPE) to validate the accuracy of the 

prediction models. A lower percentage error generally means that the model can make 

more accurate predictions. Two evaluation settings were used to assess the model’s 

accuracy. Training accuracy was measured using the same image data for both the 

training and testing phases, while test accuracy was determined by using the trained 

model on separate images not included in the training phase. We built three machine 

learning models to compare them. The first model combined a CNN with a long short-

term memory (LSTM network; the second model employed RNN architectures, 

including LSTM and GRU layers, which are subtypes of RNNs. The third model 

combined CNN and LSTM elements again, which is why it can be referred to as a 

hybrid algorithm. We used the mean absolute error of percentage (MAEP) to measure 

the performance of the CNN-LSTM model, as it provides continuous regression values. 

Thus, overall accuracy did not apply to this architecture.  

 

Accuracy is calculated as in the following equation, where N denotes the total number 

of samples with both predicted values and ground truth. In this formula, ŷᵢ is the 

model's predicted label for the ith sample, and yᵢ is the true label for that sample. The 

indicator function I(ŷᵢ = yᵢ) is equal to 1 when the predicted label is the same as 

the true label and 0 when it isn't. Thus, the logic only counts correct predictions. 

 

 

 

The following equation, MAEP, is used to assess the prediction performance of ML 

models, including the CNN-LSTM model, |ŷᵢ − yᵢ| signifies the absolute error. 

 

 

 

In our study, we applied RNN, LSTM, and GRU as ML models and compared how 

accurate they were. We found that all three models functioned accurately; however, the 

GRU model yielded the most accurate results in terms of both accuracy and efficiency 

on the dataset we used. This suggests that GRU may be the best choice for our dataset 

and experiment design when it comes to tasks that require predicting time series 

sequences from cell culture images. 

(2.3) 

(2.4) 
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2.6.1 RNN 

An RNN is a specialized kind of ML algorithm that can handle time series or sequence 

data. RNN can be considered as a smart cell with its own memories. The RNN 

understands each word while keeping track of what came before it in its memory. This 

memory enhances the algorithm's ability to identify patterns and connections in 

sequences, enabling the prediction of the next word. RNNs are practical algorithms for 

predicting future values in time series data, including stock prices or weather 

conditions, when historical data is available (J. Wang et al., 2022). In our study, we 

applied an RNN over an image dataset taken on distinct days; therefore, we consider the 

dataset as time series data. 

 

RNNs are ideal ML models in terms of making predictions in time series data, as they 

offer a lot of benefits. They can handle sequential data of distinct lengths and perform 

accurately to capture long-term dependencies and trends over time. RNNs can handle 

time intervals that are not evenly spaced and adapt to distinct forecasting requirements 

by utilizing input and output sequences with varying time slots (Gulli, Kapoor, & Pal, 

2019). 

 

However, RNNs have issues such as the disappearing or vanishing gradient problem, 

which makes it harder for the algorithm to find long-term dependencies, considering 

that RNNs can be unraveled in this context. Memory constraints might also hinder their 

performance with excessively long scene sequences. LSTMs and GRUs are effective in 

solving certain types of problems, but in more complex time series situations, more 

advanced architectures, such as transformers, may work more accurately than RNNs. 

This means researchers or programmers must be cautious when choosing a model, as its 

accuracy may vary depending on the ML algorithm (Gulli et al., 2019). 

 

The vanishing gradient problem makes algorithms hard to train DL networks, especially 

RNNs. This occurs when gradients, which indicate the magnitude and direction of 

weight changes during training, become increasingly smaller as they propagate 

backward through the layers. Such an issue complicates RNNs' ability to acquire long-
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range dependencies, resulting in prolonged or less effective training. These ML 

methods not only improve the training process but also enhance the overall performance 

and accuracy of neural network models. By applying these solutions, practitioners can 

efficiently use DL architectures, allowing them to address more complex challenges 

with improved efficiency. The vanishing gradient problem is especially challenging for 

sequences that need long-term information storage or sharing, as it makes it harder for 

the network to find pattern similarities. Several ideas have been proposed to address the 

vanishing gradient problem, which reduces the effectiveness of training neural 

networks. To maintain stable gradient flow and prevent early failure, it is advisable to 

employ techniques such as proper weight initialization, batch normalization, gradient 

clipping, skip connections, and learning rate scheduling. These strategies facilitate 

training and enhance the overall accuracy of deep learning models. When practitioners 

employ these strategies, they can enable their networks to perform with high accuracy 

in handling complex tasks that involve sequential data. Among these several 

methodologies of RNN, two prominent solutions emerge, LSTM and GRU, which are 

subtypes of the RNN (Tolstoluzka & Telezhenko, 2024). 

 

2.6.2 LSTM 

The concept of Long Short-Term Memory was released in 1997, and this ML model 

effectively addresses complex, synthetic, long-time-lag tasks that previous recurrent 

network methods have failed to find solutions (Hochreiter & Schmidhuber, 1997).  

  

The vanishing gradient problem is challenging for classical RNNs; finding long-term 

dependencies in sequential data is not effective enough in these ML models. However, 

LSTM effectively solves this problem by utilizing special memory cells and restricting 

mechanisms to maintain a constant flow of gradients over long sequences of data. This 

contributes to the network's understanding of long-term dependencies and significantly 

enhances its ability to learn from data that arrives sequentially. LSTM has three gates: 

the input gate, the forget gate, and the output gate. It is a kind of algorithm, and 

remarkably effective at capturing long-term dependencies (Tolstoluzka & Telezhenko, 

2024). 
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2.6.3 GRU 

LSTM and GRU are improved versions of RNNs that address the challenges inherent in 

RNNs, including the vanishing gradient problem. It can be used to detect the 

progression of certain diseases. GRU is a simplified version of LSTM with two gates 

(reset and update), rendering it particularly beneficial for time series applications. GRU 

generally exhibits a similar level of efficiency and performance to LSTM (Pudikov & 

Brovko, 2020). 

 

In this research, we demonstrated the application of AI methods to 3D cell culture 

images, which may enhance our understanding of the TME. Elucidation mechanisms on 

3D TME may facilitate the development of customized treatments and personalized 

medicine (Walsh & Quail, 2023). The various cellular and acellular components 

constituting the TME may collectively influence tumor behaviors, including growth, 

invasion, metastasis, and treatment responsiveness (Elhanani et al., 2023). By 

combining advanced methods with AI and 3D multiplex platforms, we can make 

accurate predictions about how cells will evolve and behave over time. The 3D 

multiplex environments enable the simultaneous capture of a large amount of data, 

including biological replicates. Observing the cellular behavior and interactions within 

the TME is increasingly crucial for comprehending illness progression and elucidating 

disease mechanisms. We applied the DL transformer methodology to our image dataset 

and calculated raw data parameters.  

 

The integration of advanced hybrid models enables us to understand cell behavior and 

elucidate the way for new therapeutic strategies. By leveraging the strengths of each 

hybrid ML model, scientists can gain deeper insights into the complex structure of GB 

progression and treatment responses. These multidisciplinary studies, which integrate in 

silico methods and cell culture techniques, can be valuable for patients and clinicians, 

while also enhancing the value of translational research, which refers to the process of 

converting scientific discoveries into clinical applications, thereby adding tangible value 

for patients by bridging the gap from bench to bedside. Future improvements in 

transformer-based DL methods may facilitate anomaly detection, medical image 

classification, and network architecture; however, additional investigation is required to 

obtain optimal results and increase accuracy.  
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2.6.4 Transformers 

Considered an ML model, transformers have rapidly changed research perspectives in 

many domains, as they are highly performant at encoding complex sequences and 

function more accurately than other ML models, especially in very large databases. The 

following graphic (Figure 2.16) shows the data processing architecture for transformers 

(Lan et al., 2023). It demonstrates the transformer model, which has N encoder and N 

decoder units. Each encoder and decoder module has its own encoder and decoder 

blocks; in other words, there are L blocks in each module. 

 

 

Figure 2.16: Transformer architecture explaining the encoder and decoder mechanisms 

based on the artificial intelligence approach for brain tumor images 

 

In our study, we employed transformers as an ML model, specifically the Vision 

Transformer (ViT), due to the presence of images. To achieve this objective, we 

utilized the timm library, which integrates seamlessly with PyTorch.  

 

The model received the calculated parameter results and the image dataset as input, 

enabling it to predict the migration capacity parameter on day 7 based on the results 

from days 3 and 5. The expected value was compared to the real value. The error 
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function was used to evaluate the accuracy of the ML model, and the results were then 

compared to those of previous studies that used separate ML models with the same 

input data. 

 

2.6.5 CNN 

CNN-based image classifiers have demonstrated high performance in manipulating 

large image datasets. In some studies, they played a role in distinguishing between 

diseased and healthy states, achieving accuracy rates of 80–100%. This success is 

attributed to high cell density, effective image preprocessing, and the use of deep CNNs 

with multiple hidden layers. Minimal image processing was required, with images 

divided into 64 tiles. Access to GPU resources facilitated the rapid processing of large 

datasets. Existing research reveals that combining classifiers based on tabular features 

with image data enhances explainability (D’Sa et al., 2023).  

 

This study employed a hybrid machine learning model that integrates CNN architecture 

with LSTM, utilizing a sample dataset of 300 images characterized by time series 

characteristics. 

 

2.6.6 Linear regression  

Examining the function of mathematical models in analyzing spatio-temporal brain 

tumor progression, employing medical imaging modalities as time-series scans, is not a 

novel concept in the field of neuroscience. Some emphasize the transition from a 2D to 

a biomimetic 3D modeling framework that accounts for the spatial limitations of the 

peripheric areas. Scientists compare distinct nonlinear growth rates and cellular 

diffusion laws with actual scans of a GB patient's post-treatment results, delineating the 

effects of therapy on life durations and highlighting the implications of cell diffusion 

after surgical tumor excision (Tracqui & Mendjeli, 1999). Scientists try to understand 

the process of anticipating future occurrences, behaviors, and comprehending past 

events by identifying and defining the principles that govern them, primarily when 

deterministic equations are not known. They emphasize figuring out these rules from 

past data, utilizing examples like oscillatory systems. The concepts of understanding 

through mathematical insights and learning through algorithms, particularly neural 
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networks, are demonstrated to be two approaches to examining time series data 

(Weigend, 2013). Modern time series analysis encompasses three related topics. 

Statistical communication and control theory, the probabilistic theory of stochastic 

processes, and the statistical theory of regression and correlation analysis of time series 

data (Parzen, 1961).  In our study, linear regression models are considered efficient 

when applied to small-sized raw datasets presented in a time-series format. The 

following table ( 

 

Table 2.2) presents an example of wound-healing experimental results, which represent 

wound closure percentages for CTRL and TMZ-treated A127 and U87 GB cells, 

captured at 24 and 48 hours in both 2D and 3D imaging formats (Oğuz, 2025). Results 

1, 2, and 3 represent the results of three biological replicates, which were captured 

simultaneously on ECM multiplex platforms. The predictions calculated in this table 

will be explained in detail in the following chapters (CTRL/TMZ Drug response 

comparison and predictions).  

 

Table 2.2: Wound-healing experimental time series data of three biological replicates 

for CTRL and TMZ-treated human brain A127 and U87 GB cells (Oğuz, 2025) 

 

 

The 95% confidence intervals were computed using the RMSE and a sample size of N 

= 72, resulting in an interval width of ±0.234 × RMSE. MTT reduction was 

SAAT KONTROL/TMZ Tümor Tipi 2D/3D RESULT1 RESULT2 RESULT3

24H CTRL A127 2D.jpg 18,61 20,05 19,12

24H TMZ A127 2D.jpg 6,94 5,03 8,2

24H CTRL U87 2D.png 35,6 37,2 34,1

24H TMZ U87 2D.png 18,5 17,01 20,04

24H TMZ U87 3D.jpg 3,8 3,3 4,5

24H CTRL A127 3D.png 9,2 8,9 10,4

24H TMZ A127 3D.png 4,7 5,3 5,8

24H CTRL U87 3D.png 11,5 13,9 12,34

48H CTRL A127 2D.png 38 40,98 43,23

48H TMZ A127 2D.png 17,25 15,12 19,54

48H CTRL U87 2D.png 48,5 50,3 45,6

48H TMZ U87 2D.png 32,7 30,09 28,5

48H CTRL A127 3D.jpg 26,2 23,4 27,6

48H CTRL U87 3D.jpg 47,9 45,4 40,8

48H TMZ U87 3D.jpg 6 7,9 5,1

48H TMZ A127 3D.png 5,5 4,8 7,5
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measured via a plate reader spectrophotometer at 540 nm, with 650 nm serving as the 

reference wavelength.  

The following equation explains Confidence Intervals (CI) for based on the reported 

RMSE value. 

 

 

Cell viability was determined utilizing the following formula where A₅₄₀ indicates the 

absorbance at 540 nm, which is the peak wavelength for colorimetric cell viability 

tests like MTT or XTT. A₆₅₀ indicates the absorbance at 650 nm, which is used as a 

reference to correct for nonspecific absorbance and background noise.  

 

 

(2.6) 

 

The table below (Table 2.3) presents time-series data on MTT viability from three 

separate biological replicates of U87 GB cells grown in 3D, both under control 

conditions and after treatment with TMZ at varying doses. Each row represents a 

particular experimental condition characterized by TMZ concentration and incubation 

duration. At the same time, the columns display the individual MTT viability 

measurements for the three replicates together with their mean value. The structured and 

nearly monotonic temporal trends in these raw time-series data suggest that linear 

regression models are suitable for elucidating the underlying time-dependent behavior 

of cell viability, especially for short- to mid-term forecasts, while also facilitating 

quantitative assessment of dose-dependent cytotoxic effects and experimental 

reproducibility. Untreated cells were deemed to reflect 100% viability. The real and 

predictive results will be explained in detail in the next chapter (Results, CTRL/TMZ 

Drug response comparison and predictions).  

 

(2.5) 
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Table 2.3: MTT viability experimental time series data of three biological replicates for 

CTRL and TMZ-treated U87 GB cells in 3D for various TMZ doses (Oğuz, 2025) 

SAAT KONTROL/TMZ Tümor Tipi 2D/3D TMZ DOSE RESULT1 RESULT2 RESULT3

24 CTRL U87 3D 0 99,511 100,049 100,538

24 TMZ U87 3D 10 94,377 95,257 95,159

24 TMZ U87 3D 25 88,606 87,237 89,34

24 TMZ U87 3D 50 87,433 84,303 87,042

24 TMZ U87 3D 100 80,293 79,315 78,973

24 TMZ U87 3D 250 67,042 67,579 67,971

48 CTRL U87 3D 0 99,159 100,374 100,514

48 TMZ U87 3D 10 92,991 83,645 95,794

48 TMZ U87 3D 25 81,682 81,729 82,009

48 TMZ U87 3D 50 74,766 81,963 74,533

48 TMZ U87 3D 100 71,355 70,981 71,215

48 TMZ U87 3D 250 57,336 57,056 57,383

72 CTRL U87 3D 0 99,459 98,79 101,803

72 TMZ U87 3D 10 74,478 73,294 75,843

72 TMZ U87 3D 25 67,937 67,963 63,405

72 TMZ U87 3D 50 67,937 67,963 63,405

72 TMZ U87 3D 100 49,678 60,237 62,941

72 TMZ U87 3D 250 39,042 44,399 47,257
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CHAPTER 3: RESULTS 
 

 

 

 

 

3.1 Examining GB cell behaviors with parameters 

 

This study examines the migration capacity and the proliferation rate of U87 human GB 

cells. The following figure (Figure 3.1) illustrates the growth of RFP-tagged U87 cells 

and GFP-tagged human astrocytes over a nine-day culture period. From day 3 to day 9, 

there is a significant increase in the number of cells, demonstrating the rapid growth of 

GB cells. Nonetheless, a slight decrease in proliferation is observed between days 7 and 

9. This decrease may be attributed to cellular apoptosis or contact inhibition, a 

phenomenon in which cells overlap and limit further proliferation due to spatial 

constraints and resource competition. To resolve this issue, we may calculate volume 

rather than area. From a biological perspective, these findings are consistent with the 

documented aggressiveness of U87 cells, which are known for their rapid proliferation 

and adaptability. The observed reduction at later time points may further indicate 

microenvironmental constraints, such as those found in solid tumors. This activity 

demonstrates how malignant U87 cells can be and provides information about how 

tumors grow, as well as the challenges that arise when attempting to treat GB growth. 
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Figure 3.1: Migration capacity and proliferation behavior of RFP-tagged human brain 

U87 human GB cells (Ismayilzada, 2024) 

 

The graph of the results in the following figure (Figure 3.2) demonstrates how the 

migration capacity of human brain U87 GB cells evolves on separate days. The X-axis 

represents the days of the experiment, as explained in Section 2.2, and the Y-axis 

displays the calculated migration capacity parameter and the aggregated results, 

averaged per day. We observe a clear trend of significant improvement in migration 

capacity, with a steady increase from day 3 to day 9. This behavior demonstrates how 

U87 cells behave, showing that their ability to move increases with longer culture 

periods.  

 

 

Figure 3.2: Results graph, migration capacity parameter, per day 
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Another scientific representation is shown in the following figure, which demonstrates 

how the migration capacity changed over nine days under two distinct culture 

configurations: direct co-culture and stamping co-culture (Figure 3.3). The details of 

these configurations can be found in previous chapters (Figure 2.3: Migration behavior 

of U87 GB cells, comparison of direct and stamping configurations for migration 

capacity). The left line graph illustrates migration capacity at four separate times: Day 

3, Day 5, Day 7, and Day 9. Cells cultivated in direct co-culture demonstrate a 

significant and incremental enhancement in migration capacity, increasing nearly 

linearly from Day 3 to Day 9. The stamping configuration, on the other hand, remains 

almost flat every day, indicating little migration behavior. The significant distinction 

between the two circumstances indicates that direct co-culture plays a substantial role in 

driving cell migration, whereas stamping configuration alone has a minimal effect. The 

right bar graph illustrates a statistical comparison of migration capacity in the direct co-

culture configuration over distinct time points. From Day 3 onward, there is a 

significant increase in the migration capacity at each time point.  The numerous 

substantial changes (p<0.001) seen over days further corroborate the reliability of this 

upward pattern.  

 

 

Figure 3.3: Results of the migration capacity parameter of U87 GB cells over days 

 

The ML models used to predict migration capacity on day 7 based on data from days 3 

and 5 performed accurately, as shown in the table above. The values, all exceeding 

0.80, demonstrated that the training performed accurately and that the models can 

capture significant temporal patterns in the dataset effectively. By changing the density 

number parameter in Python from 10 to 1, we achieved better accuracy, with a value of 

0.85. This highlights the importance of adjusting hyperparameters to achieve the most 
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accurate results for an ML model. This finding suggests that a systematic analysis of 

model parameters could significantly improve predictability. In addition, expanding this 

research to include more hyperparameters, varied neural network topologies, and the 

implementation of regularization techniques may enhance the understanding of 

optimizing prediction reliability. These findings underscore the importance of precise 

calibration and methodological refinement in advancing predictive modeling for cellular 

migration behaviors. 

 

3.2 Transformers prediction results  

 

We used the same input data from days 3 and 5 to train ML models to predict the day-7 

migration capacity parameter. The transformer-based architecture produced an RMSE 

of 0.84, a R² score of 0.1791, an MSE of 0.7167, and an MAE of 0.5954. The 

MAE value of about 0.60 shows that the average distinction between predicted and 

actual values is minimal in absolute terms. However, the low R² score indicates that the 

model explains only a small portion of the variance in the migration capacity outcome. 

As a result, the transformer model does not accurately capture the underlying prediction 

patterns, particularly when performance measurements are still below the estimated 

threshold of 80%. 

 

The following graph (Figure 3.4), which compares actual and expected migration 

capacity values, demonstrates this restriction even more clearly: errors are significant in 

relative terms, with projections often being away by over a factor of two from the 

genuine values. This pattern indicates possible limitations in the data and modeling 

methodology. The dataset may not be large enough to assist strong generalization, and 

the current set of features may not include all considerable predictors. Adding more 

variables to the dataset, including culture conditions, experimental metadata, or spatial 

and morphological cell features, may improve the model's accuracy for transformers. 

The RMSE (0.8466) was used to find the standard deviation of the residuals, which was 

used to estimate prediction uncertainty. Therefore, a 95% prediction interval (PI) was 

found to be ±1.66 log units around each predicted value. The model's low explanatory 

power (R² = 0.1791) and the fact that some samples have considerable deviations 

suggest a high level of uncertainty in the predictions. The 95% prediction interval (PI) 
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was approximated by assuming normally distributed residuals and was computed using 

the following equation for approximate 95% prediction interval (PI) for model 

predictions. 

 

 

(3.1) 

 

 

Figure 3.4: Prediction results with the transformers ML model, R² Score: 0.1791, MSE: 

0.7167, RMSE: 0.8466, MAE: 0.5954, PI: ±1.66 

 

3.3 Hybrid test prediction results  

 

The four-panel graphic in the following figure (Figure 3.5) illustrates the performance 

of the RNN–LSTM model on training and test datasets according to the pre-activation 

rate. Each subplot presents the projected pixel values alongside the actual 

measurements, facilitating straightforward evaluation of the model's accuracy and 

stability. The test-set results (top row) indicate that the model accurately captures the 

overall trend of the real data for both the Density32 and Density16 groups. The 

projected curves closely follow the changes in the observed data, indicating that the 

model has effectively learned the global temporal patterns. Still, there are apparent 

disparities at locations where projections are far lower than the actual values. These 

outliers may indicate that the model is sensitive to sudden changes in the area, that the 



 
 
RESULTS 90 
  
 

 
90 

training set lacks sufficient examples of specific patterns, or that the real measurements 

are noisy. The model exhibits remarkable fidelity in the training set results (bottom 

row), with predicted values that closely match the actual measurements at nearly all 

sample locations. The close grouping of prediction, ground truth pairs shows that the 

model is well-fitted and has accurate internal consistency. However, vertical drops that 

occur from time to time indicate that some individual samples remain challenging for 

the network to predict, even after being shown to it many times during training. These 

distinctions could be due to biological variability, experimental noise, or the fact that 

the model cannot capture infrequent or non-linear changes. The graphic (Figure 3.5) 

illustrates that the RNN–LSTM model performs well in various density situations. It 

aligns well with real values and can be used for both training and testing sets. Localized 

prediction errors indicate that the model still requires further improvement. This could 

involve adding more features, enhancing data preprocessing, or employing 

regularization techniques to ensure the model remains robust when presented with 

irregular data points. 

  

 

Figure 3.5: Hybrid ML model prediction results RNN/LSTM for proliferation rate 

parameter 
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The four panels in the following figure (Figure 3.6) present a comparative evaluation of 

hybrid deep learning architectures, CNN-LSTM and RNN-GRU, applied to training and 

test datasets under distinct density conditions (85% training and 15% test dataset). Each 

graph has a sample index representing data points and proliferation rate, in terms of 

pixel2.  

 

Model predictions are represented by the orange line, and real values are represented in 

blue, allowing for a direct assessment of predictive accuracy and temporal stability. In 

the CNN-LSTM test results (Density 16), the model demonstrated moderate alignment 

with real values, although several fluctuations and pronounced deviations are evident 

across sample indices. The variability in prediction accuracy is reflected in the relatively 

higher MAE value (MAE ~ 292), indicating that while the model captures the general 

trend, it struggles with finer-scale variations in the dataset.  

 

On the other hand, the RNN-GRU test performance (Density 32) shows noticeably 

improved alignment between predicted and actual values. The prediction curve exhibits 

reduced amplitude fluctuations and fewer extreme deviations relative to the CNN-

LSTM test output. This more substantial conformity is supported by a lower error 

metric (MAE ~ 79), suggesting that the GRU-based hybrid architecture is better suited 

for modeling the temporal dependencies present in the test data. The training curves 

illustrate similar patterns.  

 

The CNN-LSTM training plot (Density 16) reveals substantial divergence between 

predicted and real values across many sample points, with irregular prediction spikes 

contributing to a comparatively high training error (MAE ~ 250). In contrast, the RNN-

GRU training curve (Density 32) exhibits tighter clustering of predictions around the 

real data line, resulting in a notably low training error (MAE ~ 0.78). The smoother and 

more consistent predictive behavior indicates that the GRU-based model achieves a 

more stable learning process and improved generalization. 



 
 
RESULTS 92 
  
 

 
92 

 

Figure 3.6: Hybrid ML model prediction results, CNN/LSTM & RNN/GRU for 

proliferation rate parameter 

 

The CNN-LSTM model achieves lower MAEP values on the training set (MAEP = 

250) compared to the test set (MAEP = 292). This indicates a moderate generalization 

gap. On the other hand, RNN-GRU models have error distributions that are more stable 

across training and test datasets. The following table (Table 3.1) compares the 

ML models in terms of performance. The GRU architecture had the highest overall 

accuracy (0.83), while the LSTM architecture had the lowest MAE for both migration 

capacity (0.158) and proliferation rate (0.061). For the CNN/LSTM model, with three 

hidden layers, we observed a higher MAE for predicting proliferation rates (0.292) 

compared to the other models. Prediction intervals were approximated as ±1.96 × MAE, 

assuming normally distributed residuals. 
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Table 3.1: Performance comparison of CNN/LSTM and recurrent models, including 

overall accuracy, mean absolute error (MAE), and approximate 95% prediction 

intervals (PI) for migration capacity and proliferation rate 

 

 

The same information with logarithmic migration capacity results is demonstrated in the 

following graph. To facilitate a direct and comparative analysis of the configuration 

between experimentally measured and model-predicted migration capacities, both 

datasets underwent logarithmic transformation and normalization using a robust scaling 

method. This approach ensured that minor temporal variations could be evaluated 

independently of absolute magnitude distinctions. To ensure consistent scaling between 

experimental and model-derived data, both actual and projected migration capacity 

values underwent a base-10 logarithmic transformation. This step minimized the effect 

of disparities in absolute magnitude, facilitating the comparison of relative variations 

within the constrained dynamic range (approximately 5.25 × 105 to 5.55 × 105). A strict 

scaling method was employed, with the pooled median serving as the primary reference 

point. The interquartile range (IQR) was used to normalize the data and lessen the effect 

of any outliers. The adjusted values were then confined within a ±1 IQR interval to 

mitigate extreme fluctuations and were linearly scaled to the [0, 1] range. This 

combination of logarithmic and robust normalization preserved the natural patterns in 

both datasets while equalizing their amplitudes, which facilitated the comparison of the 

model's visual and quantitative predictions of migration behaviors that had been 

empirically validated. 

 

The following figure (Figure 3.7) demonstrates the results of the RNN-LSTM hybrid 

model on the test dataset. The x-axis refers to individual data points from image 
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parameter calculations, and the y-axis refers to the normalized migration capacity 

values. Both real and predicted migration capacity parameters have been logarithmically 

normalized and robustly scaled, enabling a comparison of results across a wide range of 

measurements. These preprocessing processes reduce the effect of outliers and irregular 

distributions; thus, the model's outputs are more interpretable. The results displayed are 

from the RNN–LSTM hybrid model on the test dataset. The near-perfect match between 

predicted and real values for most data points indicates that the model accurately 

reflects the underlying patterns of migration behavior. 

 

 

Figure 3.7: Logarithmic normalization and robust scaling of real and predicted 

migration capacity values.  

 

The accuracy measures how many of the anticipated outcomes were correctly predicted, 

indicating how accurately the model performs. The ML models used in this research to 

predict day-7 proliferation rate based on day-3 and day-5 observations displayed 

significant accuracy. The RNN model achieved an accuracy of 0.80, the LSTM model 

achieved an accuracy of 0.81, and the GRU model achieved an accuracy of 0.83. All 

these values exceed the usual cutoff of 0.80, indicating that the models accurately 

captured the underlying temporal patterns and provided reliable predictions. The GRU 

model also improved when the density parameter in the Python code was changed from 
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10 to 1, resulting in an accuracy of 0.85. This increase suggests that the model's 

sensitivity to input density affects its predictive accuracy, and that fine-tuning these 

hyperparameters can lead to significant improvements in accuracy. In general, the 

results demonstrate that RNN architectures can be effective in predicting cell behavior, 

with GRU yielding the most accurate results in this specific scenario. 

 

3.4 Voxel-based volume calculation on 3D confocal images 

 

Using this computational approach, the volume of the 3D confocal image of RFP-

tagged U87 glioblastoma cells at day 14 (Figure 2.12: 3D confocal image of U87 and 

BMEC cells in stamping configuration, day 14, scale 200 µm) was calculated to be 

729312 µm³. The following figure (Figure 3.8) shows separate slices, including 

vertical, horizontal, and cross-sectional perspectives of the same image. 

 

Figure 3.8: Vertical, horizontal, and cross-section slices of the 3D confocal image of 

U87 and BMEC cells in stamping configuration, day 14, scale 200 µm 
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3.5 Live cell imaging results 

 

In the context of this thesis, live cell imaging techniques can provide valuable insights 

into understanding GB cell behaviors, such as migration and proliferation. Details 

concerning methodologies are presented in previous chapters (Live cell imaging). The 

following figure (Figure 3.9) illustrates all the frames of the RFP-tagged U87 2D live 

cell imaging video in a mosaic. This video was recorded over approximately 66 hours, 

equivalent to 3 days; each frame represents a photo captured by the Zeiss confocal 

microscopy at the end of each hour.  

 

 

Figure 3.9: Frames of live cell imaging video captured during 3 days 
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The following figure (Figure 3.10) presents the temporal dynamics of RFP-tagged U87 

cells, as captured using live-cell imaging techniques. The x-axis represents the frame 

index, indicating the hour of image acquisition, while the y-axis measures the 

proportion of the imaged area occupied by RFP-tagged U87 cells. The continuous blue 

line indicates cell-occupied areas, and the dotted orange line denotes acellular medium, 

allowing for clear differentiation and analysis of cell proliferation over time. 

 

 

Figure 3.10: Live cell imaging temporal variation results for RFP-tagged U87 cell 

coverage in percentage 

 

The following figure (Figure 3.11) depicts the temporal progression of RFP-tagged U87 

cell expansion as quantified through image-based area measurements. The x-axis 

represents the frame index, which corresponds to the specific hour at which each image 

was acquired, enabling a longitudinal assessment of cellular growth or migratory 

behavior. The y-axis denotes the total pixel area occupied by the fluorescently labeled 

U87 cells, providing a direct quantitative indicator of changes in cell coverage over 

time. The use of a continuous blue line to represent cell-occupied area ensures clear 

visualization of temporal trends, highlighting fluctuations or progressive increases that 

may reflect underlying biological processes such as proliferation, migration, or 

morphological alterations. This representation offers a precise and interpretable measure 

of cellular dynamics across the imaging period. 
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Figure 3.11: Live cell imaging of temporal changes in RFP-tagged U87 GB cell growth 

 

3.6 CTRL/TMZ Drug response comparison and predictions 

 

The following graph (Figure 3.12) illustrates a comparison of how cells respond 

to CTRL and TMZ treatment at three distinct time points: 24 hours, 48 hours, and 72 

hours. In this context, the 24 hours and 48 hours represent real values, while the 72nd 

hour is predicted by ML algorithms. The results are displayed for three averaged 

measurements (Avg. Result of 3 biological replicates, Result 1, Result 2, and Result 3 

of  

 

Table 2.2, Linear regression), facilitating the assessment of temporal patterns and 

treatment-specific effects. The control group demonstrates a consistent and significant 

increase from 24 hours to 72 hours. This means that untreated cells are growing or 

becoming more active in a usual way. The TMZ-treated group, on the other hand, 

consistently has far lower numbers, which demonstrates that TMZ prevents cells from 

functioning or staying alive. The inequality between CTRL and TMZ becomes more 

pronounced over time, indicating that TMZ effects intensify with prolonged exposure. 

This indicates that early measures, 24 h and 48 h, can be used to predict later behavior, 

72 h reliably. In other words, the predictable trajectory indicates that initial medication 

responses may function as reliable predictors for modeling long-term therapy effects in 

ML models. 
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Figure 3.12: Prediction of 72nd hour for CTRL & TMZ human GB cells drug responses 

 

In the following figure (Figure 3.13), the four panels illustrate how TMZ affects cells 

over time at varying doses (0–250 mg) in A172 and U87 GB cell lines grown in 2D and 

3D systems. In all of the graphs, TMZ 0 mg is the control group that was not treated 

with the drug, and higher dosages show more TMZ exposure. The solid lines represent 

values measured in experiments (24, 48, and 72 hours), whereas the dotted lines 

indicate predicted values at later times (96, 120, and 144 hours) by regression-based 

ML algorithms. In both human brain cell lines (A127 and U87, both GB cells) and 

culture formats (2D and 3D), the control groups consistently exhibit high viability 

values, exhibiting only a minor decrease over time. This shows that the baseline growth 

is consistent in the CTRL group. All groups treated with TMZ, on the other hand, 

exhibit dose- and time-dependent decreases in response values, indicating that TMZ has 

the expected cytotoxic effect. The two types of GB cell lines, Homo sapiens brain A172 

and U87 GB models, experience minor to moderate declines (10–50 mg) at lower 

dosages, whereas higher doses (100–250 mg) lead to a more pronounced early drop, 

which can be observed as early as 24 hours. These decreases are consistently observable 

in the 3D cultures, suggesting that 3D systems may exhibit enhanced drug sensitivity or 

more physiologically relevant drug penetration dynamics in comparison to 2D cell 

culture studies. The projected values (dotted lines) are based on observed changes over 

time. In every case, expectations follow the path of the values found in the experiment.  

Control forecasts remain unchanged, which aligns with the slight drop observed in 

the real data. If predictions yield negative results, the expected numbers are set to zero, 

as viability cannot be a negative value. TMZ-treated predictions continue to decline, 
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indicating the strength of the dose-dependent inhibitory pattern. Predictions for high 

doses approach complete loss of viability, which aligns with the early significant 

decreases observed in the experiment data. The prediction curves must remain parallel 

to the real data, demonstrating that the model accurately indicates how the drug’s 

effects change over time with various dose levels, even after the times recorded in the 

experiment. This consistency means that early responses (24–72 hours) can be used to 

predict later behavior (96–144 hours) with a fair amount of accuracy with ML 

algorithms. These results demonstrate that TMZ consistently and significantly reduces 

cell viability in both the A172 and U87 cell lines. The effects are stronger at higher 

dosages and in 3D cultures. The correlation between observed and predicted results 

underscores the potential for early-timepoint data to enhance long-term medication 

response modeling in GB research. 

 

 

Figure 3.13: TMZ dose–response real values and predictions in 2D & 3D A172 and 

U87 Cells 
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The following graphs (Figure 3.14) illustrate the actual and predicted 72-hour MTT 

viability values derived from linear regression models, utilizing 24-hour and 48-hour 

observations, for human brain A172 and U87 cell lines cultivated under both 2D and 3D 

configurations. Initially, in the context of this experiment, experimental results at 24 

hours, 48 hours, and 72 hours exist as absolute values. Each panel represents a distinct 

experimental group, with the solid diagonal line indicating complete concordance 

between predicted and actual results.  

 

 

Figure 3.14: Comparison of real and predicted 72-h cell viability results for human 

brain A127 and human brain U87 cells in 2D and 3D ECM platforms 
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Linear regression models were trained using only 24 h and 48 h MTT measurements 

and used to predict 72 h viability. Model performance was evaluated by comparing 

predicted and experimentally measured 72 h values (Table 2.3). Prediction accuracy 

was quantified using R², MAE, and RMSE metrics; the accuracy results are explained in 

the following table (Table 3.2).  

 

Table 3.2: Prediction accuracy metrics of 72-hour cell viability determined with LR 

models trained on 24-hour and 48-hour data with R2, MAE, RMSE, and 95% CI values 

Group R² MAE RMSE 95% CI (±) 

A172 2D 0.79 8,80 11,35 ±2.66 

A172 3D −0.13 15.56 17,62 ±4.12 

U87 2D 0.77 10,33 13,04 ±3.05 

U87 3D 0.85 5,18 6,66 ±1.56 

 

 

In summary, the models demonstrated accurate predictive performance, with the highest 

accuracy observed in 3D cultures, suggesting that the temporal stability of drug 

response is improved in 3D systems. 
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CHAPTER 4: DISCUSSION 
 

 

 

 

The integration of biomimetic 3D technologies and AI in analyzing the TME of GB 

holds substantial potential in cancer research. Calculations based on 3D volume are 

generally more accurate than those based on 2D projections, as they display the entire 

shape and size of cellular structures. AI-based approaches and biomimetic 3D models 

have already made substantial contributions to the understanding of GB biology. When 

used in combination, these approaches offer even higher potential for precise and 

comprehensive investigations of tumor behavior, treatment responses, and therapeutic 

development. AI is particularly well suited to this domain due to its capacity to analyze 

large and complex datasets, identify patterns, and generate predictive models that 

exceed human analytical capabilities. AI-based algorithms can effectively analyze large 

volumes of data generated from 3D culture systems in GB research. This method 

enables valuable insights into cellular behavior, interactions within the TME, and 

responses to various therapeutic interventions. These capabilities are particularly critical 

for GB, a tumor characterized by pronounced heterogeneity and therapeutic resistance. 

The application of AI in medicine has demonstrated substantial value across multiple 

clinical domains. Researchers can use AI to uncover new biomarkers and possible 

therapeutic targets. They can also use personalized biomimetic 3D tumor models to 

predict how each patient will respond to a specific treatment. These models give a full 

picture of each patient's unique condition. 

 

Biomimetic 3D models have demonstrated higher accuracy in recapitulating the 

complex architecture of GB compared with conventional 2D cultures. 3D technologies 

provide a physiologically relevant platform for assessing crosstalk among cancer cells, 

immune components, stromal cells, and the ECM within the GB TME, thereby yielding 

more biologically accurate results. Techniques such as 3D bioprinting, spheroid 

cultures, and organoid models have provided valuable insights into tumor invasion, 

angiogenesis, and immune-evasion mechanisms. By combining these models with AI, 
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scientists can conduct efficient analysis, accelerating the discovery of effective 

therapeutic compounds and optimizing treatment regimens. 

 

In the drug response prediction part of this research, the utilization of merely two time 

points, 24 hours, and 48 hours, to predict future reactions of A127 and U87 cells, in 

both 2D and biomimetic 3D configurations, unavoidably presupposes linear 

regression of drug-induced cytotoxicity. The prediction results demonstrated adequate 

predictive accuracy at low to moderate TMZ doses; however, significant discrepancies 

were noted at elevated concentrations. Such variations indicate saturation effects, 

delayed cytotoxic responses, or inherently non-linear cell death dynamics that a simple 

linear model cannot adequately represent. The appearance of these discrepancies 

underscores biologically significant limitations of linear extrapolation rather than 

technical flaws, emphasizing the complexity of TMZ response kinetics. This reinforces 

the overall interpretation of the results.  

 

While AI and 3D technologies exhibit potential, we still need to overcome several 

obstacles. The intricate nature of the datasets produced by biomimetic models poses a 

significant challenge. These systems frequently generate complex data encompassing 

spatial, temporal, molecular, and genetic information, posing challenges for their 

integration into comprehensive models. AI algorithms may require further refinement to 

effectively handle and interpret complex datasets. In addition, the accuracy of AI 

predictions is limited by the inherent variability of GB tumors, including the variations 

in genetic and phenotypic profiles observed among patients. Hence, enhancing the 

training of AI methods to consider the diversity of tumoroid GB research will be crucial 

in attaining improved patient-specific results. 

 

One additional hurdle involves the in vivo validation of AI predictions. While AI may 

produce predictions utilizing in vitro biomimetic 3D models, it is crucial to validate 

these results in real clinical environments. Translating research findings from the 

laboratory to clinical application is a laborious and resource-demanding process. Prior 

to implementing AI-driven predictions in practical treatments, they must undergo 

rigorous testing to verify their safety and efficacy. Furthermore, it is imperative to 

meticulously assess the ethical and regulatory implications of employing AI-based 
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decision-making in clinical settings, particularly in the context of very aggressive 

tumors like GB. 

 

In the future, AI in GB research is expected to focus on developing advanced models 

that integrate molecular and spatial data with patient-specific clinical data, such as 

imaging and genomic information. AI systems have the potential to continuously learn 

from changing datasets, enhancing their predictive capabilities and adaptability to the 

intricacies of GB biology. 

 

The research utilizing AI and GB illustrated how the integration of 3D in vitro 

technology with AI datasets can transform our understanding of the multiplex 3D TME. 

This technology enabled us to capture multiple images simultaneously and under the 

same conditions, which were like those found in a tumor, while mimicking that 

environment on a microscopic scale. This type of combination of cell culture and AI 

could change how personalized cancer treatment and clinical decision-making evolve. 

However, it is crucial to continually improve ML models and perform cross-validation 

to ensure the predictions are accurate. In this series of experiments integrated with AI 

methodology, we can quantify specific parameters applicable for drug testing, precision 

medicine, and tumor segmentation. 

 

This research demonstrated the ability of ML models to predict GB cell dynamics over 

time by analyzing confocal imaging data from 3D cell culture environments. By 

combining biomimetic 3D models and time series ML methods, specifically CNNs for 

extracting image features and RNN-based architectures, we were able to make 

predictions about essential biological parameters like migration capacity, proliferation 

rate, invasion rate, and morphology of cells. The GRU model exhibited superior 

predictive accuracy among those assessed, particularly when hyperparameters, such as 

the number of densities, were optimized, confirming the hypothesis that cellular 

behavior exhibits identifiable temporal patterns that are amenable to capture by 

sequential models. 

 

The precise forecasting of GB cell behavior suggests that AI can uncover hidden 

dynamics within the TME, a complex system that influences tumor progression, 

therapeutic resistance, and metastasis. The use of biomimetic 3D cell cultures makes in 
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vitro conditions more similar to those in vivo. The integration of ML approaches 

enables the real-time observation and analysis of cellular processes. These technologies 

reduce reliance on animal models and accelerate preclinical drug screening, thereby 

enhancing the assessment of tumor responses to therapies and environmental influences, 

and ultimately improving precision medicine. 

 

Similar studies in the literature enhance the interpretability of saliency-based DL 

models for glioma survival prediction by integrating domain knowledge derived from 

saliency maps. For research reference, a 3D CNN was utilized to categorize 147 

patients' preoperative multimodal MRI scans from the BraTS 2020 dataset into groups 

based on short-term, medium-term, and long-term survival outcomes. By extending 

Grad-CAM to 3D and aligning saliency maps with an anatomical atlas, the method 

found clinically significant spatial patterns that linked tumor sites and volumes with 

overall survival outcomes. In the end, researchers have found that a clear link existed 

between short, medium, and extended survival times and tumors according to brain 

areas, such as the pallidum, fusiform, and transverse temporal gyrus. This anatomically 

informed visualization framework not only confirmed that larger tumor volumes 

correlate with a poorer prognosis but also provided clinicians with interpretable regional 

insights that facilitate the comprehension of model predictions, thus reconciling 

algorithmic reasoning with clinical decision-making (Osadebey, Liu, Fuster-Garcia, & 

Emblem, 2023). 

 

This research expanded the generalizability and interpretability of artificial intelligence 

models by incorporating a biomimetic 3D cell culture GB TME confocal image dataset 

into deep learning methodologies for parameter predictions. Our study involved the 

culture and imaging of tumoroids produced from GB and astrocytes using confocal 

microscopy to evaluate migration and invasion behaviors under distinct 

microenvironmental circumstances. The application of ML algorithms to these data 

enabled a rapid and objective elucidation of disease mechanisms and the exploration of 

therapeutic potential through patient-derived drug screening. In this context, the RNN-

LSTM hybrid model was employed, resulting in diminished error values and enhanced 

alignment with experimental data, thereby demonstrating the effectiveness of recurrent 

architectures in predicting normalized migration capacity. Nonetheless, the limited 

dataset and the need for further optimizations highlighted the importance of expanding 
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data resources and improving in silico frameworks to enhance predictive robustness, 

generalizability, and translational application. 

 

Even with these improvements, several limitations remain. Despite the high predictive 

accuracy, we could achieve further improvements by using larger datasets and more 

diverse cell lines. Furthermore, incorporating multi-omics data, such as genomic or 

proteomic profiles, with imaging data could substantially enhance model robustness and 

biological interpretability. 

 

AI has significant potential to enhance the clinical care of GB patients and precision 

medicine; however, several issues remain to be addressed, particularly in terms of 

execution. Cultivating cells from patients may prove more arduous due to their 

heterogeneous nature, complicating the examination of their interactions and behaviors. 

 

The research demonstrated an innovative approach to enhance the evaluation of GB 

treatments and the attributes of the surrounding environment through the integration of 

3D multiplex TME with a machine learning methodology. This combined approach 

may be effective for various types of cancer. This study also demonstrates the 

increasing importance of AI in 3D multiplex TME brain tumor imaging, which can 

enhance treatment planning and forecast a patient's future health. The ultimate objective 

of these biomimetic 3D TME studies combined with ML is precision medicine 

(Scimeca et al., 2021).  

 

Another issue is that AI predictions need to be tested in patient-derived cells from living 

organisms. AI can make predictions based on 3D models cultured in TMEs; however, it 

is essential to confirm these results in real-life clinical settings. Translational research 

from the laboratory to clinical practice can be costly and may require additional 

financial support. Before AI-based predictions can be used in real-life treatments, they 

must be thoroughly tested to ensure they are safe and effective. Additionally, it is 

crucial to carefully consider the ethical and legal implications of using AI-based 

decision-making in clinical settings, particularly when treating patients with highly 

aggressive cancers, such as GB. 
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Future GB research will likely focus on integrative AI frameworks that combine 

molecular, geographical, and clinical datasets, thereby fostering adaptive models 

capable of encapsulating tumor heterogeneity and individual patient disease trajectories. 

These models will utilize advanced imaging techniques and genomic data to inform 

their development. AI systems can learn from datasets that evolve, which makes them 

more effective at making predictions and better adapted to the complexities of GB 

biology. 

 

Researchers can utilize AI to identify new biomarkers and potential treatment targets, as 

well as to predict how each patient will respond to specific therapies. Personalized 3D 

tumor models facilitate comprehending each patient's distinct circumstances. Scientists 

can rapidly conduct a quick analysis by combining these models with AI, which may 

accelerate the discovery of beneficial therapeutic compounds and enhance treatment 

plans. 

 

The integration of AI and 3D technologies in the analysis of the TME of GB presents 

significant potential in cancer research. RNN, LSTM, and GRU are effective ML 

models for analyzing time series data to understand how cells behave. The integration 

of AI with advanced 3D modeling techniques presents substantial potential for 

improving comprehension of the GB microenvironment and accelerating the 

formulation of tailored treatment strategies. As AI continues to evolve and integrate 

with biomimetic 3D models, there is a promising potential for more accurate and 

individualized approaches in GB treatment outcomes. To achieve more efficient 

outcomes, supplementary data may be utilized, and the dataset employed in the study 

can be enhanced, facilitating improved performance of deep learning models. 3D 

multiplexed environments are advantageous as they allow researchers to collect large 

amounts of data simultaneously within the same environmental conditions at a specific 

time. 

 

Hybrid ML modes are used in the field of cancer research. The ML approach is 

employed for lung cancer segmentation and classification, whereas ViT methodologies 

are inspiring advancements in medical AI and cancer imaging. Recently, numerous 

scientists have devised ViT-based AI methodologies for lung cancer detection and 



 
 
DISCUSSION 109 
  
 

 
109 

prognosis. DL algorithms are employed to detect early anomalies for cancer diagnosis 

(Murugesan et al., 2021). 

 

The development of transformer-based models for EEG analysis has accelerated 

significantly. Researchers use transformers for robust architectures and applications in 

motor imagery, seizure detection, and emotion classification in epilepsy (Vafaei & 

Hosseini, 2025).  

 

Engineering applications are diverse in terms of AI and hybrid ML models. A 

comparative analysis of the ML transformer model versus RNN and CNN-based models 

exists in the literature (Zhizheng Zhang et al., 2025). Transformers, as ML models, as 

well as CNN, DNN, and LSTM algorithms, are considered performant architectures for 

predictions (Barua, Haider, Austin, & Shawon, 2024).  

 

Among the several DL methodologies, CNNs, RNNs, and transformer ML models have 

demonstrated significant efficacy in time-series data analysis and anomaly detection 

objectives. Scientists strive to select the most suitable and accurate model for various 

applications across various domains (Omoseebi et al., 2025). 

 

Human Action Recognition (HAR) is a discipline that studies human behaviors across 

various fields. Convolutional Neural Networks (CNNs) have been utilized to improve 

performance, while ViTs are selected as an alternative (Alomar, Aysel, & Cai, 2024). 

Another study investigates three notable deep learning architectures, CNN, RNN, and 

ViT, for emotion recognition and compares the prediction results according to their 

accuracy (Yushchenko, Smelyakov, & Chupryna, 2025). 

 

In this study, we observed that while transformer models are recognized for their high 

performance in various ML tasks, for our medium-sized data set input, their accuracy 

was lower compared to other deep learning models that we had utilized before, such as 

CNN, RNN, LSTM, and GRU. Specifically, for predicting migration capacity at day 7 

using data from days 3 and 5, the RNN, its subtypes, LSTM, and GRU models achieved 

accuracies of 0.80, 0.81, and 0.83, respectively, in our previous studies with the 

same input data for the ML model. In contrast, the transformer model did not perform 
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as well in this context when we fed the same input data to it. This mismatch might be 

attributed to the characteristics of our dataset. 

 

CNN and RNN architectures are generally more performant, with higher accuracy, for 

relatively minor datasets and image-based inputs. At the same time, LSTMs and GRUs 

are particularly well-suited for modeling relatively short time series data. Transformers, 

on the other hand, typically require much larger datasets and are performant on very 

large databases to efficiently utilize their capacity for capturing complex relationships. 

As a result, the medium size of our dataset likely limited the performance of the 

transformer ML model, highlighting the importance of selecting ML architectures that 

align with the scale and nature of the available input data. 

 

4.1 Complexity of data integration 

 

The complexity and heterogeneity of the data generated constitute an important obstacle 

to applying AI to biomimetic models of the GB TME. 3D models often generate 

datasets with multiple dimensions, including spatial, temporal, and molecular data. 

These datasets necessitate the use of advanced algorithms for processing and 

interpretation. AI systems currently have limitations in fully capturing the complex and 

multifaceted interactions within the GB TME. Additionally, variations in results from 

various biomimetic models can create inconsistencies, complicating the establishment 

of standardized AI models (Thakuri, Liu, Luker, & Tavana, 2018). 

 

AI and 3D technologies have considerable potential, but numerous issues still need to 

be addressed. Biomimetic models generate complex datasets, posing a significant 

challenge. These systems frequently provide intricate data encompassing geographical, 

temporal, molecular, and genetic information, complicating their integration into 

comprehensive models. AI algorithms may require further studies to handle and 

interpret complex datasets effectively. The accuracy of AI predictions is also limited by 

the fact that GB tumors are naturally variable, as evidenced by the discrepancies in 

genetic and phenotypic profiles observed in separate patients. Thus, augmenting the 

training of AI models to account for this diversity may be essential for achieving 

enhanced patient-specific outcomes. 



 
 
DISCUSSION 111 
  
 

 
111 

Similar image precession studies apply segmentation of gliomas from MRI scans, which 

is essential for accurate diagnosis and treatment; however, the complexity of these 

tumors presents major barriers to advanced techniques. In the literature, we observe 

several studies that examine more DL models for glioma segmentation, emphasizing the 

integration of research with clinical application. Overall, three types of models exist: 

CNN-based, pure transformer, and hybrid. Each type is tested for its ability to segment, 

speed, and hardware requirements. A performance comparison of the top models is 

conducted, along with an analysis of their suitability. The researchers aim to highlight 

trends, constraints, and prospective research avenues that aim to augment technical 

performance and clinical applicability, thereby achieving accurate outcomes in glioma 

diagnosis (Diana-Albelda, García-Martín, & Bescos, 2025).  

 

DNNs have significantly improved ML methods, particularly in processing images and 

natural language. CNN and RNN are two relevant architectures that can solve complex 

sequential problems with accuracy. Studies are comparing various RNN architectures, 

with a focus on LSTM and GRU models. Scientists apply particular models to estimate 

the force of pouring: a multi-layer LSTM, a multi-layer GRU, a single-layer LSTM, a 

single-layer GRU, and so forth (Nosouhian, Nosouhian, & Khoshouei, 2021).  

 

Besides FL, the integration of spatial transcriptomics with time-series imaging data 

through multimodal AI models, especially transformer-based architectures, provides an 

effective method for simulating tumor progression and microenvironmental dynamics. 

By correlating regionally resolved gene expression patterns with longitudinal imaging 

techniques, such as MRI and live-cell microscopy, these methodologies encapsulate 

both molecular heterogeneity and temporal evolution (Al-Zoghby, Ebada, Saleh, 

Abdelhay, & Awad, 2025).  

 

Multimodal transformers, engineered to simultaneously analyze graph-structured spatial 

omics and sequential imaging modalities, facilitate deep learning systems in 

comprehending cross-modality interactions, thereby enhancing phenotypic prediction, 

therapeutic response forecasting, and biomarker identification. This paradigm facilitates 

applications including forecasting the spatial arrangement of cellular responses to 

therapy and simulating the evolution of gene expression patterns over time, thereby 

advancing comprehensive, temporally informed precision oncology. The DL integration 
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with multimodal data improves cancer diagnosis and treatment, yielding more precise 

and individualized therapies (Rajdeo, Aronow, & Surya Prasath, 2024).  

 

4.2 Computational resource requirements 

 

The analysis of 3D tumor models using AI is highly demanding in terms of software 

and hardware resources, as well as significant computing power and sophisticated 

infrastructure. The handling, storage, and evaluation of the massive information 

produced by high-resolution imaging, omics data, and dynamic TME monitoring over 

time are crucial. Several research institutions require additional computational 

resources, which hinders the widespread adoption of AI in GB research (Ayensa-

Jiménez, Doweidar, Sanz-Herrera, & Doblare, 2022). 

 

Investment in research and development is essential for enhancing and constructing 

large-scale scientific facilities, which necessitate sophisticated algorithms and in silico 

methodologies. AI applications are facilitating transformative solutions for substantial 

data concerns; nevertheless, single-GPU solutions have become inadequate. AI 

integrates with high-performance computing (HPC) to reduce time-to-insight, enable 

domain-specific AI architectures, and optimize strategies for data-driven discovery. 

Recent advancements seek to expedite the utilization of HPC platforms for AI 

algorithms in both academia and industry (Huerta et al., 2020). 

 

Some scientists examine the integration of HPC with cloud computing to enhance AI 

model training methodologies. They demonstrate the benefits of cloud-based HPC 

resources, encompassing scalability, flexibility, and cost-efficiency. The research 

additionally investigates diverse HPC architectures and frameworks for distributed 

training. Challenges include bottlenecks in data transfer, resource allocation, and energy 

usage (H. Sharma, 2019). 

 

Creating and training AI models for GB research and profound learning systems for 

segmentation, molecular subtyping, and survival prediction requires significant 

computational resources, including advanced GPUs (e.g., NVIDIA Tesla K80, V100, 

A100), TPUs, and access to high-performance computing (HPC) clusters for extensive 
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parallel processing and model optimization. Various research teams employ cloud 

computing systems (e.g., Azure, AWS, and Google Cloud) to access resources with 

flexibility, such as Azure NV-series VMs equipped with multiple GPUs (Tesla M60 or 

V100/A100), 24–32 vCPUs, and 200–300 GB of RAM, which have proven effective for 

training CNNs and models based on ResNet or U-Net using GB MRI and genomic data 

(Goddla, 2022).  

 

On a larger scale, FL research on GB, which included over 6.000 patients from 71 

institutions and more than 25.000 MRI scans, used distributed training across global 

high-performance computing and cloud resources. This led to significant improvements 

in tumor boundary delineation without the need for centralized data sharing (Pati et al., 

2022). The integration of AI with HPC infrastructures, encompassing hybrid cloud and 

on-premise clusters, is essential for facilitating big-data-driven discoveries in 

biomedical fields, including glioblastoma research (Huerta et al., 2020). 

 

4.3 Data quality and validation of ML models 

 

The effectiveness of AI algorithms is mainly dependent on the quality and quantity of 

data used for training the model. High-quality annotated datasets derived from 3D 

models are scarce in the context of GB. The restricted availability of data, particularly 

the absence of varied, well-annotated datasets encompassing underrepresented patient 

demographics, may lead to AI models being trained on incomplete or biased 

information (Tripathi et al., 2023), (Y. Yang et al.). The absence of inclusion across 

factors such as race, ethnicity, gender, age, and socioeconomic status may lead to 

systemic bias in models, yielding inaccurate or non-generalizable predictions (Marko, 

Neagu, & Anand, 2025).  

 

Moreover, while AI may produce insights and predictions in controlled laboratory 

conditions, implementing these results in real-world and clinical contexts presents a 

significant hurdle. It is crucial to validate AI-derived findings in real clinical 

environments, particularly to guarantee that models are trained on datasets that 

encompass diverse, underrepresented patient populations and maintain equitable and 

reliable performance in practice (Zou & Schiebinger, 2021), (Melguizo-Gavilanes, 
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Bruner, Guha-Thakurta, Hess, & Puduvalli, 2015). A robust validation method involves 

clinical trials utilizing AI-assisted decision-making, such as randomized controlled trials 

where AI technologies aid in treatment selection, eligibility screening, or prognosis 

evaluation (Kang, Chowdhry, Pugh, & Park, 2023). These trials assist in confirming 

safety, efficacy, and generalizability within actual patient populations (J. Li et al., 

2021). 

 

4.4 Lack of standardization in biomimetic 3D models 

 

The absence of standards in biomimetic 3D models is a barrier to generating universally 

accepted GB TME models. These models can vary in terms of scaffold materials, 

culture conditions, and cell sources. The most recent 3D in vitro models aim to bridge 

the gap between in vitro and in vivo environments. A trade-off between complexity and 

the standardization of the preparatory process persists (Piantino et al., 2021). 

Developing AI algorithms that can effectively apply to various systems is challenging 

due to the wide range of model types. For AI applications to achieve optimal 

effectiveness, it is crucial to establish a higher level of standardization and 

reproducibility in the development and characterization of 3D models. Without this 

essential factor, there is a high likelihood of substantial outcome variations across 

various research groups, thereby restricting the ability to compare AI-based analyses. 

 

4.5 Biological representation limitations 

 

Despite the progress made in 3D models, they still need to fully replicate the intricate in 

vivo nature of the GB TME. In vitro experiments often overlook or oversimplify 

relevant factors, such as immune cell interactions, systemic signaling, and vascular 

dynamics (Min Tang et al., 2024). AI predictions based on these simplified systems 

may not be biologically accurate enough to inform clinical decisions. Enhancing the 

biological relevance of AI-based research requires further refinements in the 

sophistication of biomimetic models. This method entails integrating more authentic 

tumor-immune interactions and vascular elements.  An insightful and cohesive 
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understanding of the various cellular and molecular elements within the GB TME and 

their crosstalk is crucial for effective therapeutics (Bikfalvi et al., 2023). 

 

4.6 Challenges in translating AI to clinical practice 

 

Translating AI applications in 3D GB models from research settings to clinical practice 

presents serious challenges. Scientists emphasize the considerable potential of AI-

driven ML and DL techniques in non-invasive medical assessment methods. The 

therapeutic importance of these AI-based advancements lies in their capacity to enhance 

GB patient care by providing accurate and timely information for treatment decisions. 

Implementing these technical developments in clinical practice presents challenges, 

including the need for extensive multi-institutional cohorts and the integration of 

various data formats. Regulatory and ethical considerations, as well as the requirement 

for thorough clinical validation, hinder the transition from laboratory findings to patient 

care (Samartha et al., 2024). Additionally, clinicians may require extensive training to 

effectively utilize AI-based tools in a clinical setting, and healthcare systems must adapt 

to integrate these technologies (Luo et al., 2023). 

Challenges in image processing in neuroscience may stem from poor data quality, 

changes in experimental conditions, and the need for substantial computing power for 

advanced studies. These constraints may render the application of computational 

methodologies more challenging to validate in vivo and in vitro investigations, 

potentially reducing the reliability of the results. Still, computer-based image analysis is 

very useful, especially for getting new quantitative measures that describe how 

glioblastoma (GB) cells proliferate and migrate. These kinds of studies also help 

determine subcategories of diseases and the mechanisms behind them, which makes 

neuropathological classification more accurate. Similar studies exist for PD, as 

demonstrated in the following figure (Figure 4.1) (D’Sa et al., 2023). In the future, 

neuroscience-oriented image processing will involve the development of specialized 

software tools, enhanced predictive modeling for more accurate analytical results, and 

clinical decision-support systems that integrate data from multiple sources. These 

improvements may accelerate the implementation of precision medicine for GB 

patients. 
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Figure 4.1: Usage of AI in the prediction of disease subtypes 

 

4.7 Availability 

  

Tumor heterogeneity, especially in GB, has traditionally been thought to lead to 

resistance to several therapies; however, recent evidence indicates this approach may be 

inaccurate. Clinical problems encompass neurologic and medical comorbidities in 

individuals with brain tumors, along with the potential toxicity associated with tumor-

directed therapies (Barbaro, Fine, & Magge, 2021). Large, well-annotated datasets are 

crucial for AI research. Still, most GB data is siloed across institutions (Luo et al., 

2023). Major data‑sharing platforms, such as The Cancer Genome Atlas (TCGA‑GB) 

via The Cancer Imaging Archive (TCIA), the International Cancer Genome Consortium 

(ICGC), and glioma‑specific repositories like the Ivy Glioblastoma Atlas or RHUH‑GB, 

have improved accessibility ("Comprehensive genomic characterization defines human 

glioblastoma genes and core pathways" 2008). Nonetheless, these repositories 

encounter constraints: TCGA-GB comprises a limited number of cases with diverse 

imaging protocols and frequently lacks longitudinal follow-up or uniform molecular 

annotation; multi-site datasets are constrained in postoperative or recurrence imaging 

and expert segmentations; clinical and demographic metadata may be incomplete or 

inconsistent, and local hospital cohorts are often underpowered or unrepresentative of 

larger populations (García-García, García-Galindo, Arrese, Sarabia, & Cepeda, 2022). 

Progress in artificial intelligence, particularly in machine learning and deep learning, 

has improved survival prediction for glioma patients by integrating multimodal data. 

Imaging-based models, non-imaging methodologies, and hybrid techniques are 

efficacious. Nevertheless, constraints include data heterogeneity, issues with 
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interpretability, and computational requirements. Proposed solutions include federated 

learning, lightweight AI models, and explainable AI frameworks (Awuah et al., 2025). 

 

Furthermore, synthetic data production and data augmentation techniques, including 

Generative Adversarial Networks (GAN)- based MRI synthesis or mix-up-style patch 

mixing, may be suggested to mitigate the limitations of small datasets, especially when 

original patient data has restrictions or privacy issues that prevent its sharing (Shin et 

al., 2018). However, the untested robustness of AI models limits their application in GB 

(Dimitriadis, Trivizakis, Papanikolaou, Tsiknakis, & Marias, 2022). 

 

To enhance AI resilience, it is essential to develop extensive, multicenter, harmonized 

datasets with uniform collection methodologies and comprehensive annotations, 

including various demographic information. However, the untested robustness of AI 

models continues to limit their application in GB. For AI models to achieve success, 

validation is essential, and multicenter methodologies are being investigated to confirm 

their efficacy. Data from GB patients indicate that innovative MRI techniques can assist 

in diagnosis, malignancy characterization, therapy planning, and assessment of 

therapeutic response (Nelson & Cha, 2003). 

 

4.8 Interpretability 

 

The absence of user-friendly software may hinder the clinical implementation of AI in 

GB, as primary users such as practitioners and radiologists are responsible for providing 

and communicating clinical diagnoses. Comprehensible AI is crucial for navigating the 

intricate field of healthcare decision-making (Walsh & Quail, 2023). 

 

Ultimately, the potential of AI and 3D technology in enhancing GB research is exciting, 

but it is crucial to address the various challenges that may hinder their full impact. 

Enhancements in computational resources, data quality, model standardization, and 

validation of AI predictions in clinical settings are crucial for addressing these 

limitations. 
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4.9 Limitations  

 

Several limitations prevent the broad application of the studies related to AI and GB in 

the articles that we have reviewed. Firstly, transcriptomic approaches rely on freshly 

frozen tissues, which are challenging to adapt to large-scale human research, as they 

typically use formalin-fixed paraffin-embedded (FFPE) tissues (Walsh & Quail, 2023). 

Secondly, due to their destructive nature, slow acquisition speeds, and limited 

multiplexing capability, several spatial proteomics techniques, such as Imaging Mass 

Cytometry (IMC), are less suitable for large-scale analysis. Cyclic 

immunohistochemistry (IHC) and immunofluorescence are two techniques that address 

tissue degradation and background signal accumulation over time (Luo et al., 2023). 

Getting large, well-annotated datasets, especially from randomized controlled trials, is a 

significant challenge when training AI models. 

 

One of the major obstacles to integrating artificial intelligence with 3D technologies for 

GB research is the existence of data and modeling limitations. The establishment of a 

coculture system with GB cells to elucidate its invasive behavior represents another 

significant application of this paradigm. Notwithstanding these advantages, organoid 

models possess specific limitations, such as the lack of immunological responses and 

circulatory systems (Joseph, Blaavand, Daubon, Kruyt, & Thomsen, 2021). GB datasets 

frequently exhibit fragmentation and inconsistency, characterized by significant 

diversity in imaging techniques, genetic profiling methodologies, and annotation 

standards among institutions. This variation hinders the training of strong AI models 

and restricts their ability to generalize findings across diverse cohorts, ultimately 

undermining external validation and hindering clinical translation. Moreover, some AI 

frameworks, profound learning models, function as opaque black boxes, generating 

predictions without transparent reasoning or visibility into the underlying decision 

processes. Confronting these challenges requires standardized, multicenter data-sharing 

protocols and the development of explainable AI methodologies tailored to the 

biological complexities of GB. Overall, several significant barriers to clinical 

application remain, including inadequate data quantity and quality, the interpretability 

of algorithms, integration challenges, and ethical considerations (Alen Rončević, Nenad 

Koruga, Anamarija Soldo Koruga, & Robert Rončević, 2025). 
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Another major challenge in integrating AI with 3D technology for GB research is the 

quality and scalability of 3D tumor models. Numerous widely utilized platforms, such 

as Matrigel-based spheroids and organoids, may not accurately recreate the complete 

intricacy of the GB TME. These models frequently omit critical elements such as 

pericytes, microglia, neurons, immune cells, and functioning vasculature, providing 

only a limited representation of the brain’s intrinsic ECM characteristics, such 

as stiffness, topography, and the hyaluronic acid-rich composition of the ECM. The 

self-organizing characteristics of organoids lead to diversity in structure and cellular 

composition, resulting in inadequate reproducibility.  

 

Although organotypic brain slices are more physiologically relevant, their insufficient 

throughput renders them inappropriate for extensive drug screening. Composite 

hydrogels composed of Polyethylene Glycol (PEG), GelMA, and HAMA are utilized in 

3D ECM models for tissue engineering and TME investigations. These hydrogels 

provide an equilibrium between structural integrity and bio-functionality, 

accommodating prolonged culture requirements and intricate cell-matrix interactions. 

This formulation is progressively used in complex 3D in vitro platforms to mimic in 

vivo TME accurately. In contrast, the hydrogels typically employed for 3D cultures 

have inherent limitations. Animal-derived matrices, such as Matrigel, exhibit batch-to-

batch variability, whereas synthetic alternatives, like PEG or GelMA, often fail to 

adequately replicate the biomechanical and biochemical signals characteristic of the 

human brain. Such limitations severely hinder the translational relevance and scalability 

(Mier et al., 2025). 

 

Additionally, the lack of user-friendly software and explainable AI models complicates 

clinical interpretation, and thorough testing of AI models in real-world scenarios is still 

required to ensure reliability (Cè et al., 2023). Concerns regarding potential overfitting 

in machine learning workflows are raised by the combination of abundant omics data 

and sparse drug response data, as well as the ongoing challenges in producing mature 

vascular structures in bio-printed models within experimental timelines (Min Tang et 

al., 2024).  
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Furthermore, the absence of a clear histological definition makes it more challenging to 

distinguish between pseudo-growth and genuine tumor progression. AI models designed 

for this purpose have not yet been extensively implemented in clinical practice. 

Additional research is required to incorporate these models into standard practice 

(Bikfalvi et al., 2023). 

 

The promise of merging AI with 3D technologies in the study of GB TME is promising; 

however, certain limitations must be addressed to fully utilize their capabilities. By 

utilizing AI to assess the quality of organoid development, researchers can create more 

accurate in vitro models that closely resemble physiological conditions. AI is also 

essential for optimizing organoid bioprinting, guaranteeing precision and 

reproducibility. By combining AI with tumoroid technology, scientists will be able to 

overcome long-standing constraints, enhance experimental accuracy, and expedite 

clinical translation, all of which will help advance the field of health research (J. Yang, 

Fischer, & Ye, 2024). 

 

Translational and ethical challenges provide significant obstacles to the clinical use of 

AI-enhanced 3D technologies in GB research. Despite progress in 3D tumor modeling 

and the implementation of patient-derived cell systems, these models frequently fail to 

reliably predict human therapeutic responses, thereby constraining their reliability for 

clinical decision-making (M. Tang, Rich, & Chen, 2021). Closing the divide between 

laboratory discoveries and practical applications remains a significant challenge, 

particularly when adapting these models for individualized treatment. Moreover, the 

advent of advanced technologies, such as bioprinting human-like brain tissues, raises 

intricate ethical, legal, and regulatory challenges. Unresolved concerns related to equal 

access to innovative medicines, standardization of production techniques, and oversight 

of bio-printed constructs. Regulatory frameworks have not yet matured sufficiently to 

comprehensively address these developments, hindering their clinical use, and 

generating significant concerns over safety, equity, and transparency in translational 

research (Wanigasekara, Cullen, Bourke, Tiwari, & Curtin, 2023). 
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In summary, using AI in the investigation of GB within 3D microenvironment models 

encounters constraints stemming from insufficient datasets, biases that promote racial 

and ethnic demographic data, and prolonged genetic drift. Deep learning models have a 

deficiency in interpretability, complicating the understanding of the reasoning behind 

their predictions. The absence of shared code for intricate AI structures, along with 

ethical issues about data utilization and patient confidentiality, complicates thorough 

research. The unpredictability of AI outputs remains a significant obstacle to clinical 

implementation in the GB research (T. Xie et al., 2024). Clinical translation for GB is 

impeded by biological and technological constraints, including the highly aggressive 

TME and resistance to conventional chemotherapy.  

 

Conventional chemotherapeutic nanomedicine exhibits restricted clinical efficacy owing 

to inadequate cellular uptake, ineffective endosomal release, and tumor heterogeneity. 

Intricate delivery systems face challenges in medication dispersion, limited drug-

loading capacity, and adverse effects. The persistent challenges in the 

GB microenvironment, along with anatomical, genetic, and cytological intricacies, 

hinder significant clinical advancement.  

 

Overall, even with these limitations, the advantages of the 3D multiplex platforms 

remain beneficial in capturing a significant amount of data at once, as demonstrated in 

the following 3D confocal microscopy images (Figure 4.2, Figure 4.3), which illustrate 

GFP-tagged I-NHA human brain astrocytes and RFP-tagged human brain U87 GB cells 

in direct configuration obtained with multiplex ECM.  
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Figure 4.2: Tile scan of 3D confocal microscopy image of RFP-tagged U87 GB and 

GFP-tagged I-NHA astrocytes  in stamping configuration obtained with multiplex ECM 
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Figure 4.3: Tile scan of 3D confocal microscopy image of RFP-tagged human brain 

U87 GB cells in stamping co-culture configuration obtained with multiplex ECM 
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Transformer-based models and recurrent architectures such as LSTM and GRU differ 

substantially in their suitability for small, time-dependent biomedical datasets. 

Transformers typically require large datasets to learn meaningful patterns, and when 

trained on limited samples, they tend to underfit. This constraint is exacerbated by their 

absence of intrinsic sequential inductive bias, as transformers do not inherently encode 

temporal order; they rely on positional embeddings to infer progression from Day 3 to 

Day 5 to Day 7. When positional encoding is weak or insufficiently supported by the 

data, transformer models may not be the optimal fitting ML model to capture biological 

progression dynamics accurately; however, they perform well on large databases. 

 

In contrast, LSTM and GRU architectures incorporate an intrinsic temporal flow 

through their recurrent hidden states, providing a strong inductive bias that aligns 

naturally with biological time-series input datasets. This architectural advantage makes 

them particularly well-suited for smaller image-derived datasets and short sequences, 

such as those used in predicting cell migration capacity and proliferation rate. 

Additionally, the computational characteristics of these models reinforce their 

generalizability. LSTMs and GRUs operate linearly across timesteps, rendering them 

both efficient and proportionate to raw data processing and prediction phases. 

 

From a general perspective, biomedical datasets are often noisy, limited in size, and 

unevenly distributed in most cases. In such contexts, LSTM and GRU models tend to 

generalize more reliably because their more accurate, more constrained architectures 

mitigate overfitting and stabilize learning. On the other hand, Transformers typically 

excel only when large-scale, high-dimensional data with complex dependencies are 

available, such as in genomics or imaging datasets. Overall, in this study, these 

fundamental inequalities in data requirements, inductive biases, in silico structure, and 

generalization behavior explain why LSTM and GRU-based models outperform 

Transformers in our migration capacity and proliferation rate prediction task. 
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Ultimately, integration of AI and 3D cell culture technologies demonstrates significant 

potential in furthering our comprehension of the GB TME. Managing complex datasets 

and translating AI predictions into clinical practice poses challenges. Moreover, the 

prospective benefits of personalized medicine, drug discovery, and therapeutic 

optimization are substantial. The continuous advancement of AI combined with 

biomimetic 3D models holds significant promise for enhancing precision and 

personalized medicine in GB therapies. 
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CHAPTER 5: CONCLUSION 
 

 

 

 

The application of AI in analyzing GB's biomimetic 3D microenvironments has 

increased recently, yielding promising outcomes despite the technology's limitations 

and challenges (Walsh & Quail, 2023). Further research is needed to realize AI's 

potential in GB management fully. Despite these gains, challenges persist in 

standardizing AI models to improve generalizability and interpretability (Luo et al., 

2023). 

 

AI-based models can help us better understand how brain tumor cell behave by 

analyzing time-series image data. AI also changes the way GB is managed by giving the 

possibility of diagnosis, treatment planning, and outcome prediction (Luo et al., 2023). 

AI-based models can enhance tumor segmentation, grading, and molecular 

characterization, thereby promoting personalized medicine strategies (Cè et al., 2023). 

Combining 3D multiplex TME with ML may enable the recreation of tumor 

characteristics and the prediction of therapeutic efficacy, which could lead to more 

treatment options, such as immunotherapy and anti-angiogenic therapies (Al-Rahbi et 

al., 2024). Moreover, AI applications in 3D technologies enhance our comprehension of 

the TME, which is essential for formulating targeted therapies (Walsh & Quail, 2023). 

Despite these advancements, challenges persist in standardizing AI models to enhance 

generalizability and interpretability, necessitating further research to harness AI's 

potential in GB management fully (Luo et al., 2023). 

 

To mimic the complex nature of the GB TME, researchers have employed several 3D 

model systems, including spheroids, organoids, and bioprinted scaffolds. ML 

algorithms aim to understand how tumors work, predict how cells will behave, create 

personalized medicine, improve patient outcomes, and raise survival rates. The future 

advancement and widespread application of these technologies will advantage both 

physicians and patients, fostering precision medicine (Luger et al., 2022).  
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Our research demonstrates that the predictive accuracy of the ML models employed to 

assess migration capacity on day 7, utilizing data from days 3 and 5, was highly 

effective. Table 2 shows the full results. The consistently high values, all above 0.80, 

indicate that the training process was successful and that the models can identify 

considerable temporal patterns in the dataset. When the density number parameter in 

Python was changed from 10 to 1, the accuracy went up to 0.85. This observation 

illustrates the importance of tuning hyperparameters to enhance model performance. 

This finding indicates that a systematic examination of parameter configurations could 

significantly improve predicted results. Future research that expands this methodology 

to include additional hyperparameters, varied neural network architectures, and 

regularization methods may enhance prediction accuracy. These findings demonstrate 

the importance of optimization and methodological refinement in the development of 

predictive models for cell migration behaviors. 

 

Early predictions were not always accurate enough, but over time, they became more 

accurate, showing how effective improved DL methods can be. Adding more datasets 

could make models even more reliable and accurate at making predictions. The results 

align with the extensive impact of AI in healthcare, where hybrid ML algorithms 

integrated with 3D cell culture platforms are revolutionizing diagnostics, refining 

personalized treatments, and improving patient care outcomes. 

 

Advanced image processing and analysis with AI on biomimetic 3D cell culture 

platforms may significantly enhance the elucidation of cell interactions and behaviors, 

disease diagnosis, and patient treatment strategies, as well as improve our understanding 

of disease mechanisms. 

 

In this study, we demonstrated the utility of AI algorithms in analyzing the biomimetic 

3D TME of GB image datasets with a time series nature. AI-based methods enable the 

planning of personalized treatments and the prediction of how patients will respond to 

them, which is the primary goal of personalized medicine and treatment approaches. 

Combining AI with 3D technologies in TME analysis on multiplex cell culture 

platforms holds substantial promise for GB research, as multiplex platforms enable 

scientists to collect a large amount of data simultaneously. Biological replicates on 
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multiplex platforms provide enriched datasets, which ML algorithms can use as input to 

predict accurate results. 

 

Various ML models, including CNNs, RNNs, and their subtypes, LSTM, and GRUs, 

are effective in predicting cell behaviors and interpreting time-series data. As an ML 

algorithm and a subtype of transformers, the ViT model may perform more accurately 

with larger training datasets, as transformers typically perform best with substantial 

amounts of high-quality data.  

 

This investigation demonstrates that hybrid ML models, specifically RNN architectures 

and GRU models, can accurately forecast GB cell dynamics, including migration and 

proliferation behaviors, within a biomimetic 3D in vitro TME. Clinically, characterizing 

the temporal evolution of GB behavior in a 3D microenvironment provides valuable 

insight into invasion and recurrence patterns. The findings indicate that the 

incorporation of ML with multiplex 3D culture systems facilitates quantitative modeling 

of tumor activity, providing a robust framework for the analysis of cell-cell and cell-

matrix interactions over time. While this research demonstrates encouraging predictive 

accuracy, it serves primarily as a proof of concept. This method yields more accurate, 

data-driven assessments of GB aggressiveness and therapy efficacy, in addition to 

technical performance, while allowing for the capture of multiple images 

simultaneously on multiplex platforms. Future investigations, including biomimetic 

patient-derived organoids, multi-omics datasets, and transformer-based designs, may 

enhance biological interpretability and translational applications, thereby facilitating AI-

assisted, personalized therapy approaches in neuro-oncology and precision medicine. 

 

In the TMZ drug response part of this research, linear regression ML models were 

utilized to generate temporal predictions of drug response results, comparing both 

CTRL and TMZ groups. They demonstrated significant accuracy in capturing dose-

dependent trajectories over time. Overall, the results reveal clear and consistent 

discrepancies in cellular responses to TMZ treatment compared with the control 

condition across multiple time points. Control groups in both the A172 and U87 GB cell 

lines, cultured both in 2D and biomimetic 3D systems, demonstrated stable increases in 

viability, reflecting normal proliferative behavior. Machine learning predictions 

accurately extrapolate the 72-hour responses from wound closure from earlier temporal 
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measurements for both the TMZ and CTRL groups. An extended model of the MTT 

experiment predicted results for upcoming hours, 96, 120, and 144 hours, with the 

prediction results closely following the real data at 24, 48, and 72 hours, suggesting that 

early cellular responses may serve as reliable indicators of longer-term therapeutic 

outcome predictions in time-series data. Collectively, these findings highlight TMZ’s 

robust inhibitory impact on GB cell viability and underscore the potential of early-

timepoint ML models to anticipate long-term drug responses in GB research. 

 

In summary, our results indicate that recurrent architectures such as LSTM and GRU 

outperform transformer-based models when predicting Day 7 migration outcomes from 

limited Day 3 and Day 5 biomedical data. Their superior performance stems from their 

data efficiency, inherent sequential structure, and suitability for short time-series tasks. 

Beyond model comparisons, the study highlights the growing role of AI in brain tumor 

research, where advanced in silico methods are poised to enhance treatment planning 

and support the long-term goal of personalized medicine. Integrating AI with emerging 

3D technologies to analyze the GB TME highlights the transformative potential of these 

tools in cancer research. While CNNs, RNNs, LSTMs, and GRUs demonstrate strong 

capability for modeling cellular dynamics, ViTs may achieve comparable performance 

given larger and more diverse datasets. Ultimately, expanding the volume of available 

data will be crucial for enhancing predictive accuracy and fully leveraging the 

capabilities of modern machine learning approaches. The advantage of multiplex 

platforms is that they allow for the simultaneous capture of a large amount of data, 

including biological replicates.  

 

In the future, obtaining more and higher-quality input data is crucial for achieving more 

accurate predictions. Additionally, we can address challenges like insufficient datasets 

and excessive memory consumption. Future research should focus on refining model 

parameters and feature selection to improve computational efficiency and predictive 

accuracy. 

 

The integration of biomimetic 3D cell culture technologies with AI for analyzing the 

GB TME represents a promising advancement in cancer research. By strengthening the 

translational value of preclinical studies, these approaches may help ensure the 

biological relevance, safety, and efficacy of treatments prior to their clinical application. 
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This investigation underscores the growing importance of AI-based analysis in 3D 

multiplex brain tumor imaging, facilitating the prediction of cell interactions and 

behaviors on biomimetic 3D ECM models within specific hydrogels. Among machine 

learning approaches, gated RNN-based models demonstrated the highest accuracy in 

interpreting time-series cellular behaviors, while transformer-based architectures, such 

as ViT, may show potential with larger, high-quality datasets integrated with multi-

omics data. Overall, continued improvements in data quality and model development 

are expected to accelerate progress toward personalized medicine and robust clinical 

decision-support systems. 

 

In conclusion, this research illustrates the potential of integrating advanced 

ML techniques with image data obtained from biomimetic 3D GB models to predict 

cellular behavior within ECM multiplex platforms. The results indicate that RNN 

architectures, particularly GRU models, and their hybrid CNN variants, may effectively 

capture temporal dynamics in medium-sized image time series data, achieving robust 

predictive performance. While the findings demonstrate the potential for AI-based 

approaches to assist GB research and elucidate disease mechanisms and treatments, they 

also point to the importance of more extensive and diverse datasets, as well as 

standardized analytical frameworks. To transform these proof-of-concept results into 

reliable and widely usable instruments for preclinical applications and precision 

medicine, future endeavors need to concentrate on data augmentation, model 

interpretability, and cross-platform validation. 
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APPENDIX: SUPPLEMENTARY MATERIALS 
 
 
 
 

Supplementary Material I: Python Data-Analysis and Visualization Script  

 
 
import pandas as pd 

import matplotlib.pyplot as plt 

import numpy as np 

from sklearn.linear_model import LinearRegression 

import os 

 

# =============================================== 

# 1) READ EXCEL 

# =============================================== 

df = pd.read_excel("RESULTS_WH.xlsx", sheet_name="MTT") 

 

# =============================================== 

# 2) FIX SCALING 

# =============================================== 

result_cols = ["RESULT1", "RESULT2", "RESULT3"] 

 

for col in result_cols: 

    df[col] = df[col].astype(float) 

    df.loc[df[col] > 1000, col] = df.loc[df[col] > 1000, col] / 

1000.0 

 

df["RESULT_AVG"] = df[result_cols].mean(axis=1) 

 

# =============================================== 

# 3) CREATE SAVE DIRECTORY 

# =============================================== 

save_dir = "WH_PLOTS" 

os.makedirs(save_dir, exist_ok=True) 

 

# =============================================== 

# 4) FUNCTION: Plot & Predict 

# =============================================== 

def plot_and_predict(df_sub, title, save_name): 

 

    plt.figure(figsize=(10, 6)) 

    doses = sorted(df_sub["TMZ DOSE"].unique()) 

    cmap = plt.get_cmap("tab10") 
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    for i, dose in enumerate(doses): 

 

        df_dose = df_sub[df_sub["TMZ DOSE"] == 

dose].sort_values("SAAT") 

 

        # --- Real data --- 

        plt.plot(df_dose["SAAT"], df_dose["RESULT_AVG"], 

                 marker="o", markersize=8, linewidth=2, 

                 color=cmap(i), label=f"{dose} mg") 

 

        # Regression 

        X = df_dose[["SAAT"]].astype(float).values 

        y = df_dose["RESULT_AVG"].values 

 

        if len(df_dose) >= 2: 

            model = LinearRegression() 

            model.fit(X, y) 

 

            future_hours = np.array([[96], [122], [144]]) 

            preds = model.predict(future_hours) 

 

            # --- Prediction dotted line --- 

            plt.plot(future_hours.flatten(), preds, 

                     linestyle='--', linewidth=2, color=cmap(i)) 

 

            # --- Prediction points as DIAMOND markers --- 

            plt.scatter(future_hours.flatten(), preds, 

                        marker="D", s=70, color=cmap(i)) 

 

    # Formatting 

    plt.title(title) 

    plt.xlabel("Saat (h)") 

    plt.ylabel("RESULT_AVG") 

    plt.grid(True) 

    plt.legend(title="TMZ Dozu") 

    plt.tight_layout() 

 

    # SAVE PLOT 

    save_path = os.path.join(save_dir, f"{save_name}.png") 

    plt.savefig(save_path, dpi=300) 

    plt.close() 

 

    print(f"Saved: {save_path}") 

 

# =============================================== 

# 5) SUBPLOT for 2D & 3D (same tumor type) 

# =============================================== 

def subplot_2D_3D(df_2d, df_3d, tumor_type): 
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    fig, axs = plt.subplots(1, 2, figsize=(15, 6)) 

    cmap = plt.get_cmap("tab10") 

 

    for ax_idx, (df_sub, title) in enumerate([(df_2d, "2D"), 

(df_3d, "3D")]): 

 

        doses = sorted(df_sub["TMZ DOSE"].unique()) 

 

        for i, dose in enumerate(doses): 

            df_dose = df_sub[df_sub["TMZ DOSE"] == 

dose].sort_values("SAAT") 

 

            # Real data 

            axs[ax_idx].plot(df_dose["SAAT"], 

df_dose["RESULT_AVG"], 

                             marker="o", markersize=8, linewidth=2, 

                             color=cmap(i), label=f"{dose} mg") 

 

            # Regression + predictions 

            X = df_dose[["SAAT"]].astype(float).values 

            y = df_dose["RESULT_AVG"].values 

 

            if len(df_dose) >= 2: 

                model = LinearRegression() 

                model.fit(X, y) 

 

                future_hours = np.array([[96], [122], [144]]) 

                preds = model.predict(future_hours) 

 

                axs[ax_idx].plot(future_hours.flatten(), preds, 

                                 linestyle='--', linewidth=2, 

color=cmap(i)) 

 

                axs[ax_idx].scatter(future_hours.flatten(), preds, 

                                    marker="D", s=70, 

color=cmap(i)) 

 

        axs[ax_idx].set_title(f"{tumor_type} {title}") 

        axs[ax_idx].set_xlabel("Saat (h)") 

        axs[ax_idx].set_ylabel("RESULT_AVG") 

        axs[ax_idx].grid(True) 

        axs[ax_idx].legend(title="TMZ Dozu") 

 

    fig.tight_layout() 

 

    # Save subplot 

    save_path = os.path.join(save_dir, 

f"{tumor_type}_2D_3D_subplot.png") 

    fig.savefig(save_path, dpi=300) 
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    plt.close() 

 

    print(f"Saved SUBPLOT: {save_path}") 

 

# =============================================== 

# 6) FILTER GROUPS 

# =============================================== 

df_A172_2D = df[(df["Tümor Tipi"] == "A172") & (df["2D/3D"] == 

"2D")] 

df_A172_3D = df[(df["Tümor Tipi"] == "A172") & (df["2D/3D"] == 

"3D")] 

 

df_U87_2D  = df[(df["Tümor Tipi"] == "U87") & (df["2D/3D"] == 

"2D")] 

df_U87_3D  = df[(df["Tümor Tipi"] == "U87") & (df["2D/3D"] == 

"3D")] 

 

# =============================================== 

# 7) RUN NORMAL PLOTS 

# =============================================== 

plot_and_predict(df_A172_2D, "A172 2D", "A172_2D") 

plot_and_predict(df_A172_3D, "A172 3D", "A172_3D") 

 

plot_and_predict(df_U87_2D, "U87 2D", "U87_2D") 

plot_and_predict(df_U87_3D, "U87 3D", "U87_3D") 

 

# =============================================== 

# 8) RUN SUBPLOT FIGURES 

# =============================================== 

subplot_2D_3D(df_A172_2D, df_A172_3D, "A172") 

subplot_2D_3D(df_U87_2D, df_U87_3D, "U87") 

 
 

# =============================================== 

# 9) CREATE 2x2 FINAL COMBINED SUBPLOT (A172 + U87) 

# =============================================== 

def combine_subplots_2x2(): 

 

    # Load individual plot images 

    img_A172_2D = mpimg.imread(os.path.join(save_dir, 

"A172_2D.png")) 

    img_A172_3D = mpimg.imread(os.path.join(save_dir, 

"A172_3D.png")) 

    img_U87_2D = mpimg.imread(os.path.join(save_dir, "U87_2D.png")) 

    img_U87_3D = mpimg.imread(os.path.join(save_dir, "U87_3D.png")) 

 

    # ---- Create 2x2 Figure ---- 
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    fig, axs = plt.subplots(2, 2, figsize=(16, 12)) # Adjusted 

figsize for better display 

 

    # List of axes, images, and titles 

    panels = [ 

        (axs[0, 0], img_A172_2D, "A172 2D"), 

        (axs[0, 1], img_A172_3D, "A172 3D"), 

        (axs[1, 0], img_U87_2D, "U87 2D"), 

        (axs[1, 1], img_U87_3D, "U87 3D") 

    ] 

 

    for ax, img, title in panels: 

        ax.imshow(img) 

        ax.axis("off") 

        ax.set_title(title, fontsize=14) 

 

        # --- Add dark blue border --- 

        for spine in ax.spines.values(): 

            spine.set_edgecolor("#001a66") 

            spine.set_linewidth(1.5) 

fig, axes = plt.subplots(2, 2, figsize=(12, 10)) 

 

# --- Boşluk ayarları --- 

fig.subplots_adjust( 

    wspace=0.05,   # sağ–sol grafikler arası mesafe 

    hspace=0.08    # alt–üst grafikler arası mesafe (öncekine göre 

azaltıldı) 

) 

 

# Çerçeve rengi ve kalınlığı 

for ax_row in axes: 

    for ax in ax_row: 

        for spine in ax.spines.values(): 

            spine.set_edgecolor("navy") 

            spine.set_linewidth(1.2) 

 

    fig.tight_layout() 

 

    final_path = os.path.join(save_dir, 

"A172_U87_COMBINED_2x2.png") 

    fig.savefig(final_path, dpi=300) 

    plt.close() 

 

    print(f"Saved FINAL 2x2 COMBINED FIGURE WITH BORDER: 

{final_path}") 

 

# Run it 

combine_subplots_2x2() 
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# Second version v2: Negative predictions are clipped to zero 

 

import pandas as pd 

import matplotlib.pyplot as plt 

import numpy as np 

from sklearn.linear_model import LinearRegression 

 

# ===================================== 

# 1) Read MTT sheet 

# ===================================== 

df = pd.read_excel("RESULTS_WH.xlsx", sheet_name="MTT") 

 

# ===================================== 

# 2) Fix scaling (values >1000 → /1000) 

# ===================================== 

result_cols = ["RESULT1", "RESULT2", "RESULT3"] 

for col in result_cols: 

    df[col] = df[col].astype(float) 

    df.loc[df[col] > 1000, col] = df.loc[df[col] > 1000, col] / 

1000.0 

 

# ===================================== 

# 3) Compute average 

# ===================================== 

df["RESULT_AVG"] = df[result_cols].mean(axis=1) 

 

# ===================================== 

# 4) Plot function for ONE panel 

# ===================================== 

def plot_group(ax, df_sub, title): 

 

    doses = sorted(df_sub["TMZ DOSE"].unique()) 

    cmap = plt.get_cmap("tab10") 

 

    for i, dose in enumerate(doses): 

 

        df_dose = df_sub[df_sub["TMZ DOSE"] == 

dose].sort_values("SAAT") 

 

        # Measured values 

        ax.plot( 

            df_dose["SAAT"], df_dose["RESULT_AVG"], 

            marker="o", linewidth=2, color=cmap(i), 

            label=f"{dose} mg" 

        ) 

 

        # Regression 

        if len(df_dose) >= 2: 
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            X = df_dose[["SAAT"]].values 

            y = df_dose["RESULT_AVG"].values 

 

            model = LinearRegression() 

            model.fit(X, y) 

 

            future_hours = np.array([[96], [122], [144]]) 

            preds = model.predict(future_hours) 

 

            #  Clip negative predictions to zero 

            preds = np.maximum(preds, 0) 

 

            ax.plot( 

                future_hours.flatten(), preds, 

                linestyle="--", marker="x", color=cmap(i) 

            ) 

 

    ax.set_title(title) 

    ax.set_xlabel("Time (h)") 

    ax.set_ylabel("RESULT_AVG") 

    ax.set_xlim(left=24) 

    ax.set_ylim(bottom=0) 

    ax.grid(True) 

 

# ===================================== 

# 5) Filter groups 

# ===================================== 

groups = [ 

    ("A172 2D", df[(df["Tümor Tipi"] == "A172") & (df["2D/3D"] == 

"2D")]), 

    ("A172 3D", df[(df["Tümor Tipi"] == "A172") & (df["2D/3D"] == 

"3D")]), 

    ("U87 2D",  df[(df["Tümor Tipi"] == "U87")  & (df["2D/3D"] == 

"2D")]), 

    ("U87 3D",  df[(df["Tümor Tipi"] == "U87")  & (df["2D/3D"] == 

"3D")]), 

] 

 

# ===================================== 

# 6) Create combined 2×2 panel 

# ===================================== 

fig, axes = plt.subplots(2, 2, figsize=(14, 12)) 

axes = axes.flatten() 

 

for ax, (title, df_group) in zip(axes, groups): 

    plot_group(ax, df_group, title) 

 

# Shared legend 

handles, labels = axes[0].get_legend_handles_labels() 
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fig.legend( 

    handles, labels, 

    title="TMZ Dose", 

    loc="lower center", 

    ncol=6, 

    frameon=False 

) 

 

plt.tight_layout(rect=[0, 0.05, 1, 1]) 

plt.savefig("Combined_TimeCourse_With_Clipped_Predictions.png", 

dpi=300) 

plt.show() 

 
 
# Third version v2: calculating Prediction of 72th hour and 

accuracy 

 
import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

from sklearn.linear_model import LinearRegression 

from sklearn.metrics import r2_score, mean_absolute_error, 

mean_squared_error 

 

# ===================================== 

# 1) READ DATA 

# ===================================== 

df = pd.read_excel("RESULTS_WH.xlsx", sheet_name="MTT") 

 

# ===================================== 

# 2) FIX SCALING (values >1000 → /1000) 

# ===================================== 

result_cols = ["RESULT1", "RESULT2", "RESULT3"] 

for col in result_cols: 

    df[col] = df[col].astype(float) 

    df.loc[df[col] > 1000, col] = df.loc[df[col] > 1000, col] / 

1000.0 

 

# ===================================== 

# 3) COMPUTE AVERAGE RESULT 

# ===================================== 

df["RESULT_AVG"] = df[result_cols].mean(axis=1) 

 

# ===================================== 

# 4) FUNCTION: TRAIN (24+48) → PREDICT 72 

# ===================================== 

def predict_72_and_accuracy(df_sub, group_name, results_list): 

 

    real_vals = [] 
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    pred_vals = [] 

 

    for dose in sorted(df_sub["TMZ DOSE"].unique()): 

        df_dose = df_sub[df_sub["TMZ DOSE"] == dose] 

 

        train = df_dose[df_dose["SAAT"].isin([24, 48])] 

        test  = df_dose[df_dose["SAAT"] == 72] 

 

        if len(train) == 2 and len(test) == 1: 

            X_train = train[["SAAT"]].values 

            y_train = train["RESULT_AVG"].values 

 

            model = LinearRegression() 

            model.fit(X_train, y_train) 

 

            pred_72 = model.predict(np.array([[72]]))[0] 

            real_72 = test["RESULT_AVG"].values[0] 

 

            real_vals.append(real_72) 

            pred_vals.append(pred_72) 

 

    # Accuracy metrics 

    r2 = r2_score(real_vals, pred_vals) 

    mae = mean_absolute_error(real_vals, pred_vals) 

    rmse = np.sqrt(mean_squared_error(real_vals, pred_vals)) 

 

    results_list.append({ 

        "Group": group_name, 

        "R2_72h": r2, 

        "MAE_72h": mae, 

        "RMSE_72h": rmse 

    }) 

 

    # ===================================== 

    # PLOT: REAL vs PREDICTED (72h) 

    # ===================================== 

    plt.figure(figsize=(6, 6)) 

    plt.scatter(real_vals, pred_vals) 

    min_val = min(real_vals + pred_vals) 

    max_val = max(real_vals + pred_vals) 

    plt.plot([min_val, max_val], [min_val, max_val]) 

    plt.xlabel("Real 72h RESULT_AVG") 

    plt.ylabel("Predicted 72h RESULT_AVG") 

    plt.title(f"{group_name} - Real vs Predicted (72h)") 

    plt.grid(True) 

    plt.tight_layout() 

    plt.savefig(f"{group_name.replace(' ', 

'_')}_72h_prediction.png", dpi=300) 

    plt.close() 
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# ===================================== 

# 5) FILTER GROUPS 

# ===================================== 

groups = { 

    "A172 2D": df[(df["Tümor Tipi"] == "A172") & (df["2D/3D"] == 

"2D")], 

    "A172 3D": df[(df["Tümor Tipi"] == "A172") & (df["2D/3D"] == 

"3D")], 

    "U87 2D":  df[(df["Tümor Tipi"] == "U87")  & (df["2D/3D"] == 

"2D")], 

    "U87 3D":  df[(df["Tümor Tipi"] == "U87")  & (df["2D/3D"] == 

"3D")] 

} 

 

# ===================================== 

# 6) RUN ALL GROUPS 

# ===================================== 

accuracy_results = [] 

 

for name, df_group in groups.items(): 

    predict_72_and_accuracy(df_group, name, accuracy_results) 

 

# ===================================== 

# 7) SAVE COMBINED ACCURACY TABLE 

# ===================================== 

accuracy_df = pd.DataFrame(accuracy_results) 

accuracy_df.to_excel("Combined_72h_Prediction_Accuracy.xlsx", 

index=False) 

 

print("\n=== Combined 72h Prediction Accuracy ===") 

print(accuracy_df) 
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Supplementary Material II: Python Script for Volume Calculation Based on 3D 

Images 

 
import cv2 

import numpy as np 

import matplotlib.pyplot as plt 

 

directions = ['xy1','xy2','z1','z2'] 

# Load the image 

image_name = "u87bmecD7_2D" 

 

x_axis = float(input('Please enter X axis in terms of 

micrometer:')) 

y_axis = float(input('Please enter Y axis in terms of 

micrometer:')) 

z_axis = float(input('Please enter Z axis in terms of 

micrometre:')) 

 

results = [] 

for idx,dir in enumerate(directions): 

 

  image_path = image_name + '_' + dir + '.png' 

  image = cv2.imread(image_path) 

 

  # Convert to RGB (OpenCV loads as BGR) 

  image_rgb = cv2.cvtColor(image, cv2.COLOR_BGR2RGB) 

 

  # Extract red regions using HSV thresholding 

  hsv = cv2.cvtColor(image_rgb, cv2.COLOR_RGB2HSV) 

 

  # Define red color range (two ranges to capture full hue wrap-

around) 

  lower_red1 = np.array([0, 70, 50]) 

  upper_red1 = np.array([10, 255, 255]) 

  lower_red2 = np.array([170, 70, 50]) 

  upper_red2 = np.array([180, 255, 255]) 

 

  mask1 = cv2.inRange(hsv, lower_red1, upper_red1) 

  mask2 = cv2.inRange(hsv, lower_red2, upper_red2) 

  mask = cv2.bitwise_or(mask1, mask2) 

 

  # Clean the mask 

  mask_clean = cv2.medianBlur(mask, 5) 

 

  # Calculate area in pixels 

  red_pixels = np.sum(mask_clean > 0) 
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  # Calculate total pixels for normalization 

  total_pixels = mask_clean.size 

 

  # Calculate percentage area 

  red_area_percent = (red_pixels / total_pixels) 

 

  results.append(red_area_percent) 

 

total_area = results[0] * x_axis * y_axis + results[1] * x_axis * 

y_axis 

total_area /= 2 

total_height = results[2] * z_axis + results[3] * z_axis 

total_height /= 2 

 

print('Total area for red voxels:', total_area, 'micrometer^2') 

print('Total height for red voxels:', total_height, 'micrometer') 

 

print('Red voxel volume', total_area * total_height, 

'micrometer^3') 

# Show overlay visualization 

overlay = image_rgb.copy() 

overlay[mask_clean > 0] = [255, 255, 0]  # highlight red area in 

yellow 

blended = cv2.addWeighted(image_rgb, 0.6, overlay, 0.4, 0) 

 

plt.imshow(blended) 

plt.title(f"Detected red area: {red_area_percent:.2f}% of total") 

plt.axis("off") 

plt.show() 

 

# Result summary (pixel-based, to be converted to mm² using axis 

scale) 

result = { 

    "image_size_pixels": mask_clean.shape, 

    "red_pixel_count": int(red_pixels), 

    "total_pixel_count": int(total_pixels), 

    "red_area_percent": float(red_area_percent) 

} 

result 
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Supplementary Material III: Python Script for Live Cell Imaging Proliferation 

Rate  

 

import cv2 

import numpy as np 

import matplotlib.pyplot as plt 

import glob 

import os 

 

# Load frames 

image_paths = sorted( 

    glob.glob(os.path.join("frames", "*.png")) + 

    glob.glob(os.path.join("frames", "*.jpg")) + 

    glob.glob(os.path.join("frames", "*.jpeg")) 

) 

 

dark_percentages = [] 

bright_percentages = [] 

cell_area_percentages = [] 

 

for path in image_paths: 

    img = cv2.imread(path) 

    H, W = img.shape[:2] 

 

    # --------------------------------------------------------- 

    # 1) REMOVE SCALE BAR (bottom-right 10% × 10%) 

    # --------------------------------------------------------- 

    bar_h = int(H * 0.10) 

    bar_w = int(W * 0.10) 

    img_clean = img.copy() 

    img_clean[H-bar_h:H, W-bar_w:W] = 0 

 

    # --------------------------------------------------------- 

    # 2) MASK ONLY THE CIRCULAR WELL AREA 

    # --------------------------------------------------------- 

    mask = np.zeros((H, W), dtype=np.uint8) 

    center = (W // 2, H // 2) 

    radius = min(center) - 10 

    cv2.circle(mask, center, radius, 255, -1) 

 

    img_masked = cv2.bitwise_and(img_clean, img_clean, mask=mask) 

 

    # --------------------------------------------------------- 

    # 3) Gaussian blur (stabilizes threshold) 

    # --------------------------------------------------------- 

    blurred = cv2.GaussianBlur(img_masked, (9, 9), 0) 

 

    # --------------------------------------------------------- 
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    # 4) Convert to HSV → use V-channel 

    # --------------------------------------------------------- 

    hsv = cv2.cvtColor(blurred, cv2.COLOR_BGR2HSV) 

    V = hsv[:, :, 2]  # 0–255 

 

    # --------------------------------------------------------- 

    # 5) Otsu threshold 

    # --------------------------------------------------------- 

    _, otsu_mask = cv2.threshold(V, 0, 255, cv2.THRESH_BINARY + 

cv2.THRESH_OTSU) 

 

    # Make sure black=dark, white=bright (cells) 

    black = (otsu_mask == 0).sum() 

    white = (otsu_mask == 255).sum() 

    total = black + white 

 

    dark_percent = black / total * 100 

    bright_percent = white / total * 100 

    cell_area_percent = bright_percent   # biologically meaningful 

signal 

 

    dark_percentages.append(dark_percent) 

    bright_percentages.append(bright_percent) 

    cell_area_percentages.append(cell_area_percent) 

 

    print(f"{os.path.basename(path)} -> Dark={dark_percent:.2f}%  

Cells={cell_area_percent:.2f}%") 

 

# --------------------------------------------------------- 

# 6) Plot cell area percentage (most meaningful metric) 

# --------------------------------------------------------- 

plt.figure(figsize=(10,5)) 

plt.plot(cell_area_percentages, marker='o', label="Cell Area % 

(white area)") 

plt.plot(dark_percentages, marker='x', label="Dark % (background)") 

plt.xlabel("Frame Index") 

plt.ylabel("Percentage (%)") 

plt.title("Cell Area & Darkness Over Time (Full Pipeline)") 

plt.grid(True) 

plt.legend() 

plt.tight_layout() 

plt.show() 
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Supplementary Material IV: Python Script for CTRL/TMZ Wound Closure 

Prediction  

 
import pandas as pd 

import numpy as np 

from sklearn.linear_model import LinearRegression 

 

# Veriyi DataFrame olarak oluştur 

data = { 

    "SAAT": ["24H","24H","24H","24H","48H","48H","48H","48H", 

             "24H","24H","24H","24H","48H","48H","48H","48H"], 

    "GRUP": 

["CTRL","CTRL","CTRL","CTRL","CTRL","CTRL","CTRL","CTRL", 

             "TMZ","TMZ","TMZ","TMZ","TMZ","TMZ","TMZ","TMZ"], 

    "RESULT1": 

[18.61,35.6,9.2,11.5,38,26.2,48.5,47.9,6.94,4.7,18.5,3.8,17.25,5.5,

32.7,6], 

    "RESULT2": 

[20.05,37.2,8.9,13.9,40.98,23.4,50.3,45.4,5.03,5.3,17.01,3.3,15.12,

4.8,30.09,7.9], 

    "RESULT3": 

[19.12,34.1,10.4,12.34,43.23,27.6,45.6,40.8,8.2,5.8,20.04,4.5,19.54

,7.5,28.5,5.1] 

} 

 

df = pd.DataFrame(data) 

df["HOUR"] = df["SAAT"].str.replace("H", "").astype(int) 

# Linear Regression ML Algorithm, supervised learning algorithm 

# predicting hour 72 as of hour 24 and  hour 48 

target_hour = 72 

def predict_for_group(group_name): 

  results={} 

  group_df=df[df["GRUP"]==group_name] 

  for result_col in ["RESULT1","RESULT2","RESULT3"]: 

    x= group_df[["HOUR"]] 

    y=group_df[result_col] 

    model= LinearRegression() 

    model.fit(x,y) 

    pred=model.predict(np.array([[target_hour]]))[0] 

    results[result_col]=pred 

  return results 

ctrl_pred= predict_for_group("CTRL") 

tmz_pred= predict_for_group("TMZ") 

print("CTRL PREDICTONS") 

print(ctrl_pred) 

print("TMZ PREDICTONS") 

print(tmz_pred) 
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Supplementary Material V: Python Script for ML Models 

 
!unzip photosMixed.zip -d photosMix 

pip install timm torch torchvision 

 
import torch 

import torch.nn as nn 

import timm 

 

# --- 1. DeiT Backbone --- 

deit = timm.create_model("deit_small_patch16_224", pretrained=True) 

deit.reset_classifier(0)   # remove classifier 

 

for param in deit.parameters(): 

    param.requires_grad = False  # freeze 

 

# --- 2. Combined Model --- 

class MultiModalRegressor(nn.Module): 

    def __init__(self, img_backbone, img_dim=384, tab_dim=5, 

out_dim=1): 

        super().__init__() 

        self.img_backbone = img_backbone 

        self.fc = nn.Sequential( 

            nn.Linear(img_dim + tab_dim, 128), 

            nn.ReLU(), 

            nn.Dropout(0.3), 

            nn.Linear(128, out_dim) 

        ) 

 

    def forward(self, img, tab): 

        img_feats = self.img_backbone(img)        # [batch, 

img_dim] 

        combined = torch.cat([img_feats, tab], dim=1)  # concat 

with tabular features 

        out = self.fc(combined) 

        return out 

 
 
from torch.utils.data import Dataset 

from torchvision import transforms 

from PIL import Image 

import pandas as pd 

import os 

 

transform = transforms.Compose([ 

    transforms.Resize((224,224)), 

    transforms.ToTensor(), 

    transforms.Normalize(mean=(0.485,0.456,0.406), 

std=(0.229,0.224,0.225)) 
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]) 

 

class MultiModalDataset(Dataset): 

    def __init__(self, dataframe, img_dir, transform=None): 

        self.df = dataframe 

        self.img_dir = img_dir 

        self.transform = transform 

 

        # columns you want as tabular features 

        self.tab_cols = [ 

            "Area_Pixels_Brut", 

            "Area_Micro Meter Square Brut", 

            "Area in Pixels Net", 

            "Area in Micro Meter Square Net", 

            "ExperimentSeries", 

            "Day" 

        ] 

 

    def __len__(self): 

        return len(self.df) 

 

    def __getitem__(self, idx): 

        row = self.df.iloc[idx] 

 

        # image 

        img_path = os.path.join(self.img_dir, row["Image_Name"]) 

        image = Image.open(img_path).convert("RGB") 

        if self.transform: 

            image = self.transform(image) 

 

        # tabular features 

        tabular = torch.tensor(row[self.tab_cols].values, 

dtype=torch.float32) 

 

        # target 

        target = torch.tensor(row["Migration Capacity"], 

dtype=torch.float32) 

 

        return image, tabular, target 

 

import pandas as pd 

 

df = pd.read_csv("data.csv", delimiter=";")  # adjust delimiter if 

needed 

print(df.head()) 

print(df.columns.tolist())  # check column names 

img_dir = "photosMix/photosMixed"   # folder where images are 

stored 
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dataset = MultiModalDataset(df, img_dir, transform=transform) 

from torch.utils.data import DataLoader 

 

img_dir = "photosMix/photosMixed"   # root folder of extracted 

images 

dataset = MultiModalDataset(df, img_dir, transform=transform) 

 

loader = DataLoader(dataset, batch_size=16, shuffle=True) 

 

# Test 

images, tabs, targets = next(iter(loader)) 

print("Image batch:", images.shape)    # [B, 3, 224, 224] 

print("Tabular batch:", tabs.shape)    # [B, num_features] 

print("Targets:", targets.shape)       # [B] 

 

import os 

from pathlib import Path 

import pandas as pd 

import numpy as np 

from PIL import Image 

 

import torch 

import torch.nn as nn 

from torch.utils.data import Dataset, DataLoader, random_split 

from torchvision import transforms 

import timm 

 

# ----------------------------- 

# CONFIG 

# ----------------------------- 

CSV_PATH = "data.csv" 

IMG_ROOT = "photosMix/photosMixed"   # <== your fixed folder 

BATCH_SIZE = 8 

EPOCHS = 5 

LR = 1e-4 

VAL_FRACTION = 0.2 

WORKERS = 0 

 

TAB_COLS = [ 

    "Area_Pixels_Brut", 

    "Area_Micro Meter Square Brut", 

    "Area in Pixels Net", 

    "Area in Micro Meter Square Net", 

    "ExperimentSeries", 

    "Day", 

] 

TARGET_COL = "Migration Capacity" 
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IMG_EXTS = {".png", ".jpg", ".jpeg", ".bmp", ".tif", ".tiff"} 

 

# ----------------------------- 

# UTILITIES 

# ----------------------------- 

def clean_numeric_series(s: pd.Series) -> pd.Series: 

    """Remove spaces/commas and coerce to float.""" 

    s = s.astype(str).str.replace(" ", "", 

regex=False).str.replace(",", "", regex=False) 

    return pd.to_numeric(s, errors="coerce") 

 

def build_image_map(img_root: str): 

    image_map = {} 

    for root, _, files in os.walk(img_root): 

        for f in files: 

            if Path(f).suffix.lower() in IMG_EXTS: 

                image_map[f] = os.path.join(root, f) 

    return image_map 

 

# ----------------------------- 

# LOAD & CLEAN DATA 

# ----------------------------- 

df = pd.read_csv(CSV_PATH, delimiter=";") 

df.columns = df.columns.str.strip() 

print("[INFO] Columns:", df.columns.tolist()) 

 

# Convert numeric cols 

for c in TAB_COLS + [TARGET_COL]: 

    df[c] = clean_numeric_series(df[c]) 

 

# Map images 

image_map = build_image_map(IMG_ROOT) 

print(f"[INFO] Found {len(image_map)} images in {IMG_ROOT}") 

 

df["resolved_path"] = df["Image_Name"].map(image_map) 

df = df.dropna(subset=TAB_COLS + [TARGET_COL] + 

["resolved_path"]).reset_index(drop=True) 

print("[INFO] Rows kept after cleaning:", len(df)) 

 

# ----------------------------- 

# SCALE TABULAR FEATURES 

# ----------------------------- 

from sklearn.preprocessing import StandardScaler 

scaler = StandardScaler() 

df[TAB_COLS] = scaler.fit_transform(df[TAB_COLS]) 

 

# ----------------------------- 
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# DATASET 

# ----------------------------- 

class MultiModalDataset(Dataset): 

    def __init__(self, frame, tab_cols, target_col, 

transform=None): 

        self.df = frame.reset_index(drop=True) 

        self.tab_cols = tab_cols 

        self.target_col = target_col 

        self.transform = transform 

 

    def __len__(self): 

        return len(self.df) 

 

    def __getitem__(self, idx): 

        row = self.df.iloc[idx] 

        img = Image.open(row["resolved_path"]).convert("RGB") 

        if self.transform: 

            img = self.transform(img) 

        tab = 

torch.tensor(row[self.tab_cols].values.astype(np.float32)) 

        target = torch.tensor(float(row[self.target_col]), 

dtype=torch.float32) 

        return img, tab, target 

 

transform = transforms.Compose([ 

    transforms.Resize((224,224)), 

    transforms.ToTensor(), 

    transforms.Normalize(mean=(0.485,0.456,0.406), 

std=(0.229,0.224,0.225)), 

]) 

 

val_len = max(1, int(len(df) * VAL_FRACTION)) 

train_len = len(df) - val_len 

train_df, val_df = random_split(df, [train_len, val_len], 

generator=torch.Generator().manual_seed(42)) 

 

train_ds = MultiModalDataset(df.iloc[train_df.indices], TAB_COLS, 

TARGET_COL, transform) 

val_ds   = MultiModalDataset(df.iloc[val_df.indices], TAB_COLS, 

TARGET_COL, transform) 

 

train_loader = DataLoader(train_ds, batch_size=BATCH_SIZE, 

shuffle=True, num_workers=WORKERS) 

val_loader   = DataLoader(val_ds, batch_size=BATCH_SIZE, 

shuffle=False, num_workers=WORKERS) 

 

print(f"[INFO] Train size: {len(train_ds)} | Val size: 

{len(val_ds)}") 
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# ----------------------------- 

# MODEL 

# ----------------------------- 

class MultiModalRegressor(nn.Module): 

    def __init__(self, img_model, img_dim=384, 

tab_dim=len(TAB_COLS), out_dim=1): 

        super().__init__() 

        self.img_backbone = img_model 

        self.fc = nn.Sequential( 

            nn.Linear(img_dim + tab_dim, 128), 

            nn.ReLU(), 

            nn.Dropout(0.3), 

            nn.Linear(128, out_dim) 

        ) 

 

    def forward(self, img, tab): 

        img_feats = self.img_backbone(img)        # [B, img_dim] 

        x = torch.cat([img_feats, tab], dim=1) 

        return self.fc(x).squeeze(-1) 

 

# Load DeiT backbone 

deit = timm.create_model("deit_small_patch16_224", pretrained=True) 

deit.reset_classifier(0) 

for p in deit.parameters(): 

    p.requires_grad = False  # freeze 

 

model = MultiModalRegressor(deit, img_dim=384, 

tab_dim=len(TAB_COLS), out_dim=1) 

device = "cuda" if torch.cuda.is_available() else "cpu" 

model.to(device) 

 

criterion = nn.MSELoss() 

optimizer = torch.optim.Adam(model.parameters(), lr=LR) 

 

# ----------------------------- 

# TRAINING LOOP 

# ----------------------------- 

def evaluate(loader): 

    model.eval() 

    total, n = 0.0, 0 

    with torch.no_grad(): 

        for imgs, tabs, ys in loader: 

            imgs, tabs, ys = imgs.to(device), tabs.to(device), 

ys.to(device) 

            preds = model(imgs, tabs) 

            loss = criterion(preds, ys) 

            total += loss.item() * len(ys) 

            n += len(ys) 

    return total / max(1, n) 
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for epoch in range(1, EPOCHS+1): 

    model.train() 

    running, seen = 0.0, 0 

    for imgs, tabs, ys in train_loader: 

        imgs, tabs, ys = imgs.to(device), tabs.to(device), 

ys.to(device) 

        optimizer.zero_grad() 

        preds = model(imgs, tabs) 

        loss = criterion(preds, ys) 

        loss.backward() 

        optimizer.step() 

        running += loss.item() * len(ys) 

        seen += len(ys) 

    train_loss = running / max(1, seen) 

    val_loss = evaluate(val_loader) 

    print(f"Epoch {epoch}/{EPOCHS} | Train Loss={train_loss:.6f} | 

Val Loss={val_loss:.6f}") 

 

import pandas as pd 

import matplotlib.pyplot as plt 

 

# Make a smaller frame with only needed days 

df_days = df[df["Day"].isin([3, 5, 7])].copy() 

 

# Group by experiment (using technique + series as ID) 

group_cols = ["Culture_Technique", "ExperimentSeries"] 

 

# Pivot so each row = experiment, columns = days 

pivot = df_days.pivot_table( 

    index=group_cols, 

    columns="Day", 

    values="Migration Capacity", 

    aggfunc="first"   # in case of duplicates 

) 

 

# Rename for clarity 

pivot = pivot.rename(columns={3: "day3", 5: "day5", 7: "day7"}) 

 

# Handle missing values: if one of day3/day5 is missing, take the 

available one 

# If both present, keep them; if one missing, replace with the 

other 

pivot["input_avg"] = pivot[["day3", "day5"]].mean(axis=1) 

 

# Keep only rows with a valid Day 7 

pivot = pivot.dropna(subset=["day7"]).reset_index() 

 

print("[INFO] Rows prepared for prediction:", len(pivot)) 
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print(pivot.head()) 

 

# --- Log transform --- 

y_true_log = np.log1p(y_true)   # log(1 + y) 

y_pred_log = np.log1p(y_pred) 

 

# --- Accuracy metrics on log scale --- 

r2 = r2_score(y_true_log, y_pred_log) 

mse = mean_squared_error(y_true_log, y_pred_log) 

rmse = np.sqrt(mse) 

mae = mean_absolute_error(y_true_log, y_pred_log) 

 

print("Log-transformed metrics:") 

print(f"R² Score     : {r2:.4f}") 

print(f"MSE          : {mse:.4f}") 

print(f"RMSE         : {rmse:.4f}") 

print(f"MAE          : {mae:.4f}") 

 

# --- Plot normalized values --- 

plt.figure(figsize=(12,6)) 

plt.plot(results.index, y_true_log, marker="o", color="blue", 

label="True Day 7 (log)") 

plt.plot(results.index, y_pred_log, marker="x", color="red", 

label="Predicted Day 7 (log)") 

 

plt.xlabel("Sample Index") 

plt.ylabel("Log(Migration Capacity)") 

plt.title("True vs Predicted (Log Scale)") 

plt.legend() 

plt.grid(True, linestyle="--", alpha=0.6) 

plt.show() 

 

 

# Ensure Day is integer 

df["Day"] = pd.to_numeric(df["Day"], 

errors="coerce").astype("Int64") 

 

# Pivot with flat column names 

pivot = df[df["Day"].isin([3,5,7])].pivot_table( 

    index=["Culture_Technique","ExperimentSeries"], 

    columns="Day", 

    values=["Image_Name","Migration Capacity", 

            "Area_Pixels_Brut","Area_Micro Meter Square Brut", 

            "Area in Pixels Net","Area in Micro Meter Square Net"], 

    aggfunc="first" 

) 

 

# Flatten MultiIndex columns 

pivot.columns = [f"{col[0]}_{col[1]}" for col in pivot.columns] 
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print("Pivot columns:", pivot.columns.tolist()) 

 

# Keep only experiments with Day 7 Migration Capacity 

pivot = pivot.dropna(subset=["Migration Capacity_7"]).reset_index() 

 

# Drop rows with missing Day 5 

pivot = pivot.dropna(subset=["day5"]).reset_index(drop=True) 

 

X = pivot[["day3"]].values 

y = pivot["day5"].values 

 

model = LinearRegression() 

model.fit(X, y) 

 

# Predict Day 5 to check fit 

y_pred_day5 = model.predict(X) 

 

# Estimate Day 7 by extrapolation 

growth_rate = (pivot["day5"] - pivot["day3"]) / 2  # per day growth 

pivot["pred_day7"] = pivot["day5"] + growth_rate * 2 

 

print(pivot[["Culture_Technique","ExperimentSeries","day3","day5","

pred_day7"]]) 

 

 

# ----------------------------- 

# Train a simple regression model: input = average of day3/day5 → 

output = day7 

# ----------------------------- 

from sklearn.linear_model import LinearRegression 

from sklearn.metrics import r2_score, mean_squared_error 

 

X = pivot[["input_avg"]].values 

y = pivot["day7"].values 

 

model_day7 = LinearRegression() 

model_day7.fit(X, y) 

y_pred = model_day7.predict(X) 

 

# ----------------------------- 

# Compare predictions vs. true values 

# ----------------------------- 

results = pd.DataFrame({ 

    "true_day7": y, 

    "pred_day7": y_pred, 

    "input_avg": X.flatten() 

}) 

print(results.head()) 
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print("R²:", r2_score(y, y_pred)) 

print("MSE:", mean_squared_error(y, y_pred)) 

 

# ----------------------------- 

# Plot 

# ----------------------------- 

plt.figure(figsize=(6,6)) 

plt.scatter(y, y_pred, alpha=0.7) 

plt.plot([min(y), max(y)], [min(y), max(y)], "r--") 

plt.xlabel("True Day 7") 

plt.ylabel("Predicted Day 7") 

plt.title("Prediction vs Real (Day 7)") 

plt.show() 

 

# --- Log transform --- 

y_true_log = np.log1p(y_true)   # log(1 + y) 

y_pred_log = np.log1p(y_pred) 

 

# --- Accuracy metrics on log scale --- 

r2 = r2_score(y_true_log, y_pred_log) 

mse = mean_squared_error(y_true_log, y_pred_log) 

rmse = np.sqrt(mse) 

mae = mean_absolute_error(y_true_log, y_pred_log) 

 

print("Log-transformed metrics:") 

print(f"R² Score     : {r2:.4f}") 

print(f"MSE          : {mse:.4f}") 

print(f"RMSE         : {rmse:.4f}") 

print(f"MAE          : {mae:.4f}") 

 

# --- Plot normalized values --- 

plt.figure(figsize=(12,6)) 

plt.plot(results.index, y_true_log, marker="o", color="blue", 

label="True Day 7 (log)") 

plt.plot(results.index, y_pred_log, marker="x", color="red", 

label="Predicted Day 7 (log)") 

 

plt.xlabel("Sample Index") 

plt.ylabel("Log(Migration Capacity)") 

plt.title("True vs Predicted (Log Scale)") 

plt.legend() 

plt.grid(True, linestyle="--", alpha=0.6) 

plt.show() 

 

# ========================= 

# 0) Imports & Setup 

# ========================= 

import os 

import random 
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import numpy as np 

import pandas as pd 

from PIL import Image 

 

import torch 

import torch.nn as nn 

from torch.utils.data import Dataset, DataLoader 

from torchvision import transforms 

from sklearn.model_selection import train_test_split 

from sklearn.preprocessing import StandardScaler 

import timm 

 

SEED = 42 

random.seed(SEED); np.random.seed(SEED); torch.manual_seed(SEED) 

device = torch.device("cuda" if torch.cuda.is_available() else 

"cpu") 

print("Device:", device) 

 

# ========================= 

# 1) Load & Clean CSV 

# ========================= 

csv_path   = "data.csv"  # <-- change if needed 

img_dir    = "photosMix/photosMixed"  # <-- change to your images 

folder 

target_col = "Migration Capacity" 

 

# Columns to use as tabular features (edit to your CSV) 

tab_cols = [ 

    "Area_Pixels_Brut", 

    "Area_Micro Meter Square Brut", 

    "Area in Pixels Net", 

    "Area in Micro Meter Square Net", 

    "ExperimentSeries", 

    "Day", 

] 

 

# Read CSV 

df = pd.read_csv(csv_path, delimiter=";") 

 

# Replace decimal commas with dots across all string cells 

df = df.applymap(lambda x: str(x).replace(",", ".") if 

isinstance(x, str) else x) 

 

# Coerce numerics (target + features) and drop bad rows 

df[target_col] = pd.to_numeric(df[target_col], errors="coerce") 

for c in tab_cols: 

    df[c] = pd.to_numeric(df[c], errors="coerce") 

 

# Keep rows with valid target & features 
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df = df.dropna(subset=[target_col] + tab_cols) 

 

# Basic check 

print("Cleaned shape:", df.shape) 

print("Sample columns:", df.columns.tolist()[:12]) 

 

# ========================= 

# 2) Train/Val Split (no leakage) 

# ========================= 

train_df, val_df = train_test_split(df, test_size=0.2, 

random_state=SEED, shuffle=True) 

 

# Scale tabular features (fit on train ONLY) 

scaler = StandardScaler() 

train_df[tab_cols] = scaler.fit_transform(train_df[tab_cols]) 

val_df[tab_cols]   = scaler.transform(val_df[tab_cols]) 

 

# (Optional) z-score target for stability (fit on train only) 

y_mean = train_df[target_col].mean() 

y_std  = train_df[target_col].std() if train_df[target_col].std() > 

0 else 1.0 

train_df[target_col] = (train_df[target_col] - y_mean) / y_std 

val_df[target_col]   = (val_df[target_col] - y_mean) / y_std 

 

# ========================= 

# 3) Transforms 

# ========================= 

train_tfms = transforms.Compose([ 

    transforms.Resize((224, 224)), 

    transforms.RandomHorizontalFlip(p=0.5), 

    transforms.ToTensor(), 

    transforms.Normalize(mean=(0.485,0.456,0.406), 

std=(0.229,0.224,0.225)), 

]) 

val_tfms = transforms.Compose([ 

    transforms.Resize((224, 224)), 

    transforms.ToTensor(), 

    transforms.Normalize(mean=(0.485,0.456,0.406), 

std=(0.229,0.224,0.225)), 

]) 

 

# ========================= 

# 4) Dataset 

# ========================= 

class MultiModalDataset(Dataset): 

    def __init__(self, dataframe, img_dir, tab_cols, target_col, 

transform=None): 

        self.df = dataframe.reset_index(drop=True) 

        self.img_dir = img_dir 
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        self.tab_cols = tab_cols 

        self.target_col = target_col 

        self.transform = transform 

 

    def __len__(self): 

        return len(self.df) 

 

    def __getitem__(self, idx): 

        row  = self.df.iloc[idx] 

        path = os.path.join(self.img_dir, row["Image_Name"]) 

        img  = Image.open(path).convert("RGB") 

 

        if self.transform: 

            img = self.transform(img) 

 

        tabs   = torch.tensor(row[self.tab_cols].values, 

dtype=torch.float32) 

        target = torch.tensor(row[self.target_col], 

dtype=torch.float32) 

        return img, tabs, target 

 

train_ds = MultiModalDataset(train_df, img_dir, tab_cols, 

target_col, transform=train_tfms) 

val_ds   = MultiModalDataset(val_df,   img_dir, tab_cols, 

target_col, transform=val_tfms) 

 

train_loader = DataLoader(train_ds, batch_size=16, shuffle=True,  

num_workers=2, pin_memory=True) 

val_loader   = DataLoader(val_ds,   batch_size=32, shuffle=False, 

num_workers=2, pin_memory=True) 

 

# Sanity check 

imgs, tabs, tgts = next(iter(train_loader)) 

print("Image batch:", imgs.shape)   # [B, 3, 224, 224] 

print("Tabular:", tabs.shape)       # [B, len(tab_cols)] 

print("Targets:", tgts.shape)       # [B] 

 

# ========================= 

# 5) Model: CNN (ResNet50) + Transformer (ViT-S) + Tabular 

# ========================= 

class CNNTransformerRegressor(nn.Module): 

    def __init__(self, tab_dim, out_dim=1): 

        super().__init__() 

        # CNN backbone (global pooled features) 

        # timm: num_classes=0 => returns pooled feature vector 

directly 

        self.cnn = timm.create_model("resnet50", pretrained=True, 

num_classes=0)  # 2048-dim 

        cnn_dim = 2048 
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        # Transformer backbone (ViT small) 

        self.vit = timm.create_model("vit_small_patch16_224", 

pretrained=True) 

        self.vit.reset_classifier(0)  # 384-dim features 

        vit_dim = 384 

 

        # (Optional) freeze encoders for stability/low data regimes 

        for p in self.cnn.parameters(): 

            p.requires_grad = False 

        for p in self.vit.parameters(): 

            p.requires_grad = False 

 

        fused_dim = cnn_dim + vit_dim + tab_dim 

        self.head = nn.Sequential( 

            nn.Linear(fused_dim, 256), 

            nn.ReLU(inplace=True), 

            nn.Dropout(0.3), 

            nn.Linear(256, 64), 

            nn.ReLU(inplace=True), 

            nn.Dropout(0.2), 

            nn.Linear(64, out_dim), 

        ) 

 

    def forward(self, x_img, x_tab): 

        with torch.no_grad(): 

            cnn_feats = self.cnn(x_img)     # [B, 2048] 

            vit_feats = self.vit(x_img)     # [B, 384] 

 

        fused = torch.cat([cnn_feats, vit_feats, x_tab], dim=1) 

        out = self.head(fused).squeeze(-1)  # [B] for regression 

        return out 

 

model = CNNTransformerRegressor(tab_dim=len(tab_cols), 

out_dim=1).to(device) 

 

# ========================= 

# 6) Loss, Optim, (optional) Scheduler 

# ========================= 

criterion = nn.MSELoss() 

optimizer = torch.optim.AdamW(model.head.parameters(), lr=1e-4, 

weight_decay=1e-4) 

# Only optimizing the head since backbones are frozen. If you 

unfreeze later, pass model.parameters(). 

 

# ========================= 

# 7) Train/Eval Loops 

# ========================= 
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def train_one_epoch(model, loader, optimizer, criterion, 

clip_grad=1.0): 

    model.train() 

    running = 0.0 

    for imgs, tabs, tgts in loader: 

        imgs = imgs.to(device, non_blocking=True) 

        tabs = tabs.to(device, non_blocking=True) 

        tgts = tgts.to(device, non_blocking=True) 

 

        optimizer.zero_grad(set_to_none=True) 

        preds = model(imgs, tabs) 

        loss  = criterion(preds, tgts) 

        if torch.isnan(loss) or torch.isinf(loss): 

            print(" NaN/Inf loss detected; skipping this batch.") 

            continue 

 

        loss.backward() 

        nn.utils.clip_grad_norm_(model.parameters(), clip_grad) 

        optimizer.step() 

 

        running += loss.item() * imgs.size(0) 

    return running / len(loader.dataset) 

 

@torch.no_grad() 

def evaluate(model, loader, criterion): 

    model.eval() 

    running = 0.0 

    for imgs, tabs, tgts in loader: 

        imgs = imgs.to(device, non_blocking=True) 

        tabs = tabs.to(device, non_blocking=True) 

        tgts = tgts.to(device, non_blocking=True) 

 

        preds = model(imgs, tabs) 

        loss  = criterion(preds, tgts) 

        running += loss.item() * imgs.size(0) 

    return running / len(loader.dataset) 

 

# ========================= 

# 8) Training 

# ========================= 

EPOCHS = 10 

best_val = float("inf") 

for epoch in range(1, EPOCHS+1): 

    tr_loss = train_one_epoch(model, train_loader, optimizer, 

criterion, clip_grad=1.0) 

    val_loss = evaluate(model, val_loader, criterion) 

    print(f"Epoch {epoch:02d} | train MSE: {tr_loss:.4f} | val MSE: 

{val_loss:.4f}") 

 



 
 
APPENDIX: SUPPLEMENTARY MATERIALS 182 
  
 

 
182 

    if val_loss < best_val: 

        best_val = val_loss 

        torch.save({ 

            "model": model.state_dict(), 

            "scaler": scaler,  # for tabular inverse-transform 

later if needed 

            "y_mean": y_mean, 

            "y_std": y_std, 

            "tab_cols": tab_cols, 

            "target_col": target_col, 

        }, "best_cnn_vit_tabular.pt") 

        print(" Saved new best model.") 

 

print("Training done. Best val MSE:", best_val) 

 

# ========================= 

# 9) Inference helper (example) 

# ========================= 

@torch.no_grad() 

def predict_batch(model, imgs, tabs): 

    model.eval() 

    imgs = imgs.to(device) 

    tabs = tabs.to(device) 

    preds = model(imgs, tabs) 

    # De-normalize target back to original scale 

    preds = preds * y_std + y_mean 

    return preds.cpu().numpy() 

 

#===== CNN&LSTM MODEL 

 

class CovidPredictor(nn.Module): 

    def __init__(self, n_features, n_hidden, seq_len, n_layers): 

        super(CovidPredictor, self).__init__() 

        self.n_hidden = n_hidden 

        self.seq_len = seq_len 

        self.n_layers = n_layers 

        self.c1 = nn.Conv1d(in_channels=1, out_channels=1, 

kernel_size = 2, stride = 1) # Add a 1D CNN layer 

        self.lstm = nn.LSTM( 

            input_size=n_features, 

            hidden_size=n_hidden, 

            num_layers=n_layers 

        ) 

        self.linear = nn.Linear(in_features=n_hidden, 

out_features=1) 

    def reset_hidden_state(self): 

        self.hidden = ( 

            torch.zeros(self.n_layers, self.seq_len-1, 

self.n_hidden), 
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            torch.zeros(self.n_layers, self.seq_len-1, 

self.n_hidden) 

        ) 

    def forward(self, sequences): 

        sequences = self.c1(sequences.view(len(sequences), 1, -1)) 

        lstm_out, self.hidden = self.lstm( 

            sequences.view(len(sequences), self.seq_len-1, -1), 

            self.hidden 

        ) 

        last_time_step = lstm_out.view(self.seq_len-1, 

len(sequences), self.n_hidden)[-1] 

        y_pred = self.linear(last_time_step) 

        return y_pred 

--training 

def train_model(model, train_data, train_labels, val_data=None, 

val_labels=None, num_epochs=100, verbose = 10, patience = 10): 

    loss_fn = torch.nn.L1Loss() # 

    optimiser = torch.optim.Adam(model.parameters(), lr=0.001) 

    train_hist = [] 

    val_hist = [] 

    for t in range(num_epochs): 

 

        epoch_loss = 0 

 

        for idx, seq in enumerate(train_data): # hidden state needs 

to be reset after every sample 

 

            model.reset_hidden_state() 

 

            # train loss 

            seq = torch.unsqueeze(seq, 0) 

            y_pred = model(seq) 

            loss = loss_fn(y_pred[0].float(), train_labels[idx]) # 

calculated loss after 1 step 

 

            # update weights 

            optimiser.zero_grad() 

            loss.backward() 

            optimiser.step() 

 

            epoch_loss += loss.item() 

 

        train_hist.append(epoch_loss / len(train_data)) 

 

        if val_data is not None: 

 

            with torch.no_grad(): 

 

                val_loss = 0 
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                for val_idx, val_seq in enumerate(val_data): 

 

                    model.reset_hidden_state() # hidden state reset 

every sequence 

                    val_seq = torch.unsqueeze(val_seq, 0) 

                    y_val_pred = model(val_seq) 

                    val_step_loss = loss_fn(y_val_pred[0].float(), 

val_labels[val_idx]) 

 

                    val_loss += val_step_loss 

                 

            val_hist.append(val_loss / len(val_data)) # append in 

val hist 

 

            ## print loss for every `verbose` times 

            if t % verbose == 0: 

                print(f'Epoch {t} train loss: {epoch_loss / 

len(train_data)} val loss: {val_loss / len(val_data)}') 

 

            ## check early stopping for every `patience` times 

            if (t % patience == 0) & (t != 0): 

                 

                ## if loss increased, perform early stopping 

                if val_hist[t - patience] < val_hist[t] : 

 

                    print('\n Early Stopping') 

 

                    break 

 

        elif t % verbose == 0: 

            print(f'Epoch {t} train loss: {epoch_loss / 

len(train_data)}') 

 

        return model, train_hist, val_hist 

 
# CNN & HYBRID MODELS 

import tensorflow as tf 

from tensorflow.keras.models import Sequential 

from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, 

Dense, Dropout 

from tensorflow.keras.preprocessing.image import ImageDataGenerator 

from tensorflow.keras.layers import TimeDistributed, LSTM, Input 

from tensorflow.keras.models import Model 

from PIL import Image 

import os 

import pandas as pd 

import numpy as np 

 
from sklearn.model_selection import train_test_split 
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from sklearn.preprocessing import MinMaxScaler 

# Specify the folder containing .tif images 

# Search for all subfolders and files that are .tif images 

folder_path = 'photos' 

tif_images = {} # Dictionary to store images keys are as filenames 

filenames = [] 

for root, dirs, files in os.walk(folder_path): 

    for filename in files: 

        if filename.endswith('.tif'): 

            image_path = os.path.join(root, filename) 

            image = Image.open(image_path) 

            filenames.append(filename) 

            tif_images[filename] = image 

 

print(f"Loaded {len(tif_images)} .tif images from all subfolders.") 

 

data = pd.read_csv('data.csv',delimiter=';') 

data_photos = data[data['Image_Name'].isin(filenames)] 

data_photos_direct = data_photos[data_photos['Culture_Technique '] 

== 'direct'] 

data_photos_direct.info() 

data_photos_direct['Migration Capacity '] = 

(data_photos_direct['Migration Capacity '] 

    .str.replace(',', '.')  # Replace comma with period 

    .astype(float)) 

migration_capacity_dict = 

dict(zip(data_photos_direct['Image_Name'], 

data_photos_direct['Migration Capacity '])) 

 
data_d3_e1 = 

list(data_photos_direct['Image_Name'][(data_photos_direct['Experime

ntSeries'] == 1) & (data_photos_direct['Day'] == 3)]) 

data_d3_e2 = 

list(data_photos_direct['Image_Name'][(data_photos_direct['Experime

ntSeries'] == 2) & (data_photos_direct['Day'] == 3)]) 

data_d5_e1 = 

list(data_photos_direct['Image_Name'][(data_photos_direct['Experime

ntSeries'] == 1) & (data_photos_direct['Day'] == 5)]) 

data_d5_e2 = 

list(data_photos_direct['Image_Name'][(data_photos_direct['Experime

ntSeries'] == 2) & (data_photos_direct['Day'] == 5)]) 

data_d7_e1 = 

list(data_photos_direct['Image_Name'][(data_photos_direct['Experime

ntSeries'] == 1) & (data_photos_direct['Day'] == 7)]) 

data_d7_e2 = 

list(data_photos_direct['Image_Name'][(data_photos_direct['Experime

ntSeries'] == 2) & (data_photos_direct['Day'] == 7)]) 

 
print("Length of data_d3_e1:", len(data_d3_e1)) 
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print("Length of data_d3_e2:", len(data_d3_e2)) 

print("Length of data_d5_e1:", len(data_d5_e1)) 

print("Length of data_d5_e2:", len(data_d5_e2)) 

print("Length of data_d7_e1:", len(data_d7_e1)) 

print("Length of data_d7_e2:", len(data_d7_e2)) 

 
sequences_e1 = [] 

for i1 in data_d3_e1: 

    for i2 in data_d5_e1: 

        for i3 in data_d7_e1: 

            sequences_e1.append([i1, i2, i3]) 

 

sequences_e2 = [] 

for i1 in data_d3_e2: 

    for i2 in data_d5_e2: 

        for i3 in data_d7_e2: 

            sequences_e2.append([i1, i2, i3]) 

 

sequences = sequences_e1 + sequences_e2 

 
labels = [seq[-1] for seq in sequences] 

sequences = [seq[:-1] for seq in sequences] 

 
data_train, data_test, label_train, label_test = 

train_test_split(sequences, labels, test_size=0.15) 

 
data_train = np.array(data_train) 

data_test = np.array(data_test) 

label_train = np.array(label_train) 

label_test = np.array(label_test) 

data_train.shape , data_test.shape 

 
def reshape_images(image_dict, target_size=(224, 224)): 

 
reshaped_images = {} 

    for filename, image in image_dict.items(): 

        reshaped_image = image.resize(target_size) 

        reshaped_images[filename] = np.array(reshaped_image) 

    return reshaped_images 

photos_array = reshape_images(tif_images, target_size=(224,224)) 

 
data_train 

X_train = [[photos_array[f] for f in seq] for seq in data_train] 

X_train = np.array(X_train) 

X_test = [[photos_array[f] for f in seq] for seq in data_test] 

X_test = np.array(X_test) 

 
y_train = np.array([migration_capacity_dict[f] for f in 

label_train]) 
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y_test = np.array([migration_capacity_dict[f] for f in label_test]) 

 
X_train[0].shape 

scaler = MinMaxScaler() 

y_train_scaled = scaler.fit_transform(y_train.reshape(-1, 1)) 

y_test_scaled = scaler.transform(y_test.reshape(-1, 1)) 

 
cnn_model = Sequential([ 

Conv2D(32, (3, 3), activation='relu', input_shape=(224,224, 3)), 

MaxPooling2D((2, 2)), 

Flatten(), 

Dense(16, activation='relu') 

]) 

input_layer = Input(shape=(2, 224,224, 3)) 

encoded_sequence = TimeDistributed(cnn_model)(input_layer) 

# Add RNN layers 

lstm_out = LSTM(32, return_sequences=False)(encoded_sequence) 

 

# Add Dense layers for final prediction 

x = Dense(16, activation='relu')(lstm_out) 

output = Dense(1)(x)  # Single real value output 

 

model = Model(inputs=input_layer, outputs=output) 

model.compile(optimizer='adam', loss='mean_squared_error', 

metrics=['mae']) 

 
history = model.fit( 

    X_train, y_train, 

    epochs=30, 

    batch_size=32, 

) 

predictions = model.predict(X_test) 

real_predictions = scaler.inverse_transform(predictions) 

 
mape = np.mean(np.abs((real_predictions - y_test) / y_test)) 

mape * 100 

predictions_train = model.predict(X_train) 

real_predictions_train = 

scaler.inverse_transform(predictions_train) 

mape_train = np.mean(np.abs((real_predictions_train - y_train) / 

y_train)) 

mape_train * 100 

 
import matplotlib.pyplot as plt 

# Plot real values vs predictions 

plt.figure(figsize=(10, 6)) 

plt.plot(y_test, label='Real Values', marker='o') 

plt.plot(real_predictions, label='Predictions', marker='x') 

plt.title('Test Predictions vs Real Values') 



 
 
APPENDIX: SUPPLEMENTARY MATERIALS 188 
  
 

 
188 

plt.xlabel('Sample Index') 

plt.ylabel('migration capacity') 

plt.legend() 

plt.grid(True) 

plt.show() 

predictions 

X_test[0] 

 
# GRU Model  
#import tensorflow as tf 
print("started") 
import numpy as np 
import pandas as pd 
print("numpy and pandas imported") 
 
from tensorflow import keras 
print("tensor imported") 
 
from sklearn.model_selection import train_test_split 
from sklearn.preprocessing import MinMaxScaler 
data = pd.read_csv('data.csv', delimiter=';') 
data.info() 
data = data.dropna(subset=['Day']) 
data.info() 
data_extracted = data[['ExperimentSeries', 'Area_Pixels_Brut', 
'Day','Culture_Technique ']] 
 
data_direct = data_extracted[data_extracted['Culture_Technique '] 
== 'direct'] 
 
data_direct.info() 
scaler = MinMaxScaler() 
data_direct['Area_Pixels_Brut'] = 
scaler.fit_transform(data_direct[['Area_Pixels_Brut']]) 
 
data_d3_e1 = 
list(data_direct['Area_Pixels_Brut'][(data_direct['ExperimentSeries
'] == 1) & (data_direct['Day'] == 3)]) 
data_d3_e2 = 
list(data_direct['Area_Pixels_Brut'][(data_direct['ExperimentSeries
'] == 2) & (data_direct['Day'] == 3)]) 
data_d5_e1 = 
list(data_direct['Area_Pixels_Brut'][(data_direct['ExperimentSeries
'] == 1) & (data_direct['Day'] == 5)]) 
data_d5_e2 = 
list(data_direct['Area_Pixels_Brut'][(data_direct['ExperimentSeries
'] == 2) & (data_direct['Day'] == 5)]) 
data_d7_e1 = 
list(data_direct['Area_Pixels_Brut'][(data_direct['ExperimentSeries
'] == 1) & (data_direct['Day'] == 7)]) 
data_d7_e2 = 
list(data_direct['Area_Pixels_Brut'][(data_direct['ExperimentSeries
'] == 2) & (data_direct['Day'] == 7)]) 
 
sequences_e1 = [] 
for i1 in data_d3_e1: 
    for i2 in data_d5_e1: 
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        for i3 in data_d7_e1: 
            sequences_e1.append([i1, i2, i3]) 
 
sequences_e2 = [] 
for i1 in data_d3_e2: 
    for i2 in data_d5_e2: 
        for i3 in data_d7_e2: 
            sequences_e2.append([i1, i2, i3]) 
 
sequences = sequences_e1 + sequences_e2 
 
labels = [seq[-1] for seq in sequences] 
sequences = [seq[:-1] for seq in sequences] 
 
data_train, data_test, label_train, label_test = 
train_test_split(sequences, labels, test_size=0.15) 
 
data_train = np.array(data_train) 
data_test = np.array(data_test) 
label_train = np.array(label_train) 
label_test = np.array(label_test) 
data_train.shape , data_test.shape 
 
# Define the model 
model = keras.Sequential() 
model.add(keras.layers.GRU(128, activation='tanh', 
return_sequences=True, input_shape=(2, 1))), 
#model.add(keras.layers.Dense(64)), 
model.add(keras.layers.GRU(128, activation='tanh')), 
model.add(keras.layers.Dense(32)) 
model.add(keras.layers.Dense(1)) 
 
# Compile the model 
model.compile(optimizer='adam', loss='mse') 
# Print the model summary 
model.summary() 
sample_input = data_train[0:1]  # Take first sample to get the 
shape 
model(sample_input)  # This builds the model 
 
history = model.fit(data_train, label_train, batch_size=32, 
epochs=30, verbose=1) 
predictions = model.predict(data_test) 
real_predictions = scaler.inverse_transform(predictions) 
print("predictions: ",real_predictions) 
real_label_test = scaler.inverse_transform(label_test.reshape(-1, 
1)) 
print("real_label_test: ",real_label_test) 
 
maep = np.mean(np.abs((real_label_test - real_predictions) / 
real_label_test)) * 100 
print("Mean Absolute Percentage Error: ",maep) 
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Supplementary Material IV: MATLAB Image Processing Script 

 
direct1_astrocytes_day7_masked = imread("/MATLAB 
Drive/Astrocytes/direct1- 
astrocytes_day7_masked.tif"); 
direct1_Astrocytes_day5 = imread("/MATLAB Drive/Astrocytes/direct1- 
Astrocytes_day5.tif"); 
direct1_Astrocytes_day3 = imread("/MATLAB 
Drive/Astrocytes/direct1_Astrocytes_day3.tif”); 
imshow(direct1_Astrocytes_day3)imshow(direct1_Astrocytes_day3) 
title("Astrocytes direct day 3”) 
# converting images into grayscale 
grayAstD3=im2gray(direct1_Astrocytes_day3); 
imshow(grayAstD3) 
title("Astrocytes Day 3 in gray scale”) 
adjAstD3=imadjust(grayAstD3) 
imhist(adjAstD3) 
title("Adjusted Histogram") 
imhist(adjAstD3) 
#adding a circle onto an image that covers the region of the 
doughnut 
adjAstD3Circle = insertShape(adjAstD3,"filledcircle",[150 280 
35],LineWidth=5); 
imshow(adjAstD3Circle) 
adjAstD3Circle = insertShape(adjAstD3,"filledcircle",[512 512 
35],LineWidth=5); 
imshow(adjAstD3Circle) 
gray_direct1_Ast=im2gray(direct1_Astrocytes) 
adj_gray_direct1_Ast=imadjust(gray_direct1_Ast) 
circle_adj_gray_direct1_Ast = 
insertShape(adj_gray_direct1_Ast,"filledcircle",[150 
280 35],LineWidth=5) 
circle_adj_gray_direct1_Ast = 
insertShape(adj_gray_direct1_Ast,"filledcircle",[530 
550 400],LineWidth=5) 
masked_adj_gray_direct1_Ast = 
insertShape(adj_gray_direct1_Ast,'filledcircle',[530 
550 400],'LineWidth',5 , 'color',[1 1 1]) 
N=numel(circle_adj_gray_direct1_Ast) 
props = regionprops("table",BW,"all”) 
sum(props.Area) 
 
bw_adj_gray_direct1_Ast = createBinaryMask(adj_gray_direct1_Ast 
>> AreaPixels= sum(props_bw_adj_gray_circle_Stamping1_U87_1D5.Area) 
% Adjust data to span data range. 
X = imadjust(X); 
% Threshold image with manual threshold 
BW = im2gray(X) > 75; 
% Open mask with square 
width = 4; 
se = strel('square', width); 
BW = imopen(BW, se); 
% Create masked image. 
maskedImage = X; 
maskedImage(~BW) = 0; 
end 


